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ABSTRACT

War is a human phenomenon and the essence of war is a clash between human
wills[Ref 10]. The Marine Corpsis applying complexity theory to study the human
dimension of land warfare with the agent based combat smulation Irreducible Semi-
Autonomous Adaptive Combat (ISAAC), developed by Andrew Ilachinski. 1ISAAC s
designed to alow the user to explore the evolving patterns of large unit behavior that
result from the collective interactions of individua agents. An urban and a desert
scenario were devel oped to explore command and control issues with ISAAC. Utilizing
apersonal computer and the Maui High Performance Computer Center, gpproximeately
750,000 ISAAC runs were completed. The data are analyzed and graphically displayed
usng S-Plus generated Design and Trellisplots. The ISAAC data suggest there is some
optimal balance between a commander’ s propensity to move towards the objective and
his propengty to maneuver to avoid the enemy in order to minimize time to misson
completion and friendly losses. Also, the data suggest that friction can sgnificantly
influence the battlefield but a strong commander-subordinate bond can reduce the effect.
In addition, this exploration demondtrates that fractiond factoria designs provide dmost
as much information from ISAAC asfull factorid designs with only afraction of the

runs.
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DISCLAIMER

The reader is cautioned that computer programs developed in this research may
not have been exercised for al cases of interest. While every effort has been made,
within the time avallable, to ensure that the programs are free of computationd and logic
errors, they cannot be considered validated. Any application of these programs without

additiond verification is at the risk of the planner.
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EXECUTIVE SUMMARY

War is a human phenomenon and the essence of war is a clash between human
wills[Ref 10]. Becausewar isaviolent enterprise, danger is afundamenta characteristic
of it. The human reaction to danger is fear, which has a sgnificant impact on the conduct
of war. No degree of technologica development or scientific caculation will overcome
the human dimension of war [Ref 11].

Marine Corps warfighting doctrine encompasses the notion that uncertainty and
fear will always be present on the battlefield. One can not expect to control that human
dimension of war, but one must understand that it is present and function effectively with
it. Marine Corps doctrine providesingght into these intangible human dimensions and
incorporates these ingghts in the development of itsleaders. Marine Corps doctrine uses
leadership principles to build an effective command and control system that accepts the
turbulence and uncertainty of war rather than try and contradl it.

The Marine Corpsis goplying complexity theory to sudy the human dimension of
land warfare with the agent based combat smulation Irreducible Semi- Autonomous
Adaptive Combat (ISAAC), developed by Andrew Ilachinski, of the Center for Naval
Anayss. ISAAC isdesigned to dlow the user to explore the evolving patterns of unit
behavior that result from the collective interactions of individua agents. By exploring
the affects of changing persondlities of leaders and subordinates on the battlefidd, insght
can be gained in their ability to influence the action on the battlefiedd. An urban and a

desert scenario were developed to explore the command and control capabilities of

XiX



ISAAC. Figure 1isthe urban scenario developed to explore the capabilities of ISAAC to
learn about command and control in an urban environment. The desert scenario issmilar

in dl aspects except the terrain has been removed to Smulate a terrain-less environment.

REDL 11: ISAAC | Version 1.8.5 BLUEL 11:
S5-range S—range
F-range F—range
M-range H—range
T-range T—range
C—range C—range

]
=

p—shot=
HAX TGT

p—shot=
HAX TGT

P-WEIGHTS : , . P-WEIGHTS :
AR 18 18 . T ; _ . AB -5
AB 48 48 \ . ~ | AR = -18
IR 18 18 i . . IB -5
IB 48 48 . : IR = -18
RG 8 8 . : T B BG 8
BG B B e ; . RG 35

ADY
CL5
CBT
E_H
B_H

ADUY
CL5
CBT
B_H
R_H

B
12

o III o
[
EEEA®E
|
[
EEEA®E

-5
3
B

188,208 6 37, 39 2
( 94:) C 32) ¢ 95:) ( 5x)

Figure1l: Urban scenario developed in ISAAC. Three squads of 13 blue
forces each with alocal commander are up againgt 200 loosely or ganized
red forces. The blueforces are maneuvering through the urban
environment to reach thered goal (upper right hand corner).

This scenario provides an opportunity to explore the Marine Corps current vision

of combat and the human dements incorporated in a command and control structure in an

urban environment. Red and blue dots represent the opposing forces. Thered forces are



greater in number, less technologicaly advanced, and have aloosdy organized command
and control structure. The red forces use persondlities that are held constant throughout
dl theruns. The blue forces are smdler in number, technologicaly more advanced, and
have a very structured command and control system. The blue forces are divided into
three squads, each with alocal commander (LC). The blue force LC persondlity traits
and subordinate persondity traits are varied in conjunction with the parameters of the
command and control structurein ISAAC.

Approximately 4000 preliminary runs were completed interactively to explore
many of the parametersin ISAAC. The preliminary runs served three purposes: (1) they
provided an intuitive fed for the fundamenta workings of ISAAC, (2) they presented
aress of interest for further exploration, and (3) they collected data on measures of
effectiveness unobtainable at the Maui High Performance Computer Center (MHPCC).
Four areas of interest were determined for exploration using the MHPCC. The parameter
stsare (1) theloca commander’s command area, (2) the local commander’s
persondity weights, (3) the blue subordinate s persondity weights and (4) amixed
parameter set that consisted of a combination of interesting persondity weights and
Sensor range parameters.

A fivefactor three levd full factorid design and a 1/3 fractiond factorid design
were developed and incorporated at MHPCC. Each of the parameter sets was run with
the urban and desert scenario for a combined 750,000 runs, including 100 replications per

factor combination. The data were andyzed utilizing the S-Plus statistica software

XX



package and graphically displayed usng S-Plus generated Trdlisplots. The Trdlis plots
provide avisuad means to sudy the complex interactions anong the many variables.

The andlyss focuses on determining which ISAAC parameters sgnificantly
influence the battlefield and which parameters do not. The urban and desert scenario
results are compared to determine if the significant parameters are globally significant or
scenario dependent. The fractiona factorial designs were devel oped to provide a means
of reducing the number of required ISAAC runs while il retaining the rlevant
information obtained from the full factorid desgns. This result would dlow future
researchers to explore more factors s multaneoudy while sill maintaining a managesble
data set.

The LC's propensgities to move toward dive blues, awvay from dive reds, and
toward the red god are sgnificant in both scenarios. Losses are reduced for aL C with
the following characteridtics: (1) a strong propensty to move toward friendlies and move
away from the enemy, and (2) gns the mission of reaching the objective arddive
degree of importance without |etting the objective dominate his actions. Thistype of
movement propengty directly relates to the concept of maneuver warfare.

Theinfluence of theinjured red forces is more scenario dependent. In the urban
environment, the injured red forces influence the number of losses of the blue forces. It
is gill important for the LC to have amovement propensty to avoid them. In the desert
scenaio, the influence of the injured redsisfar less. The blues can maneuver to avoid
engagements and the limited ability of the injured redsin the open battlefield does not

dlow them to maintain arate of advance with the blues. Thistype of information can



influence the decision process of the LC. An area of open terrain with no obstacles might
dlow the LC to give less importance to the enemy injured than he would in the urban
environment. 1t might prompt the LC to weigh more some other aspect of the battlein
his decison.

Friction, that intangible element that is aways present in stressful combat
environments, influences the battlefield in both scenarios. Higher friction levels have a
strong relationship to more blue losses. However, the interesting ingght in ISAAC isthat
certain persondity propengties interact to reduce the effect of friction Particularly, in
the desert scenario, the interaction of bond and friction was prominent. Bond isthe
degree of importance a subordinate places on staying close to loca commander. When
the friction level was high, a moderate to high leve of bond seemed to reduce the effects
onloses. A low bond level and a high friction level reflected increased losses in the
battlefield. In both scenarios, aLC commander, first and foremost, needed a propendity
to move awvay from the enemy. Thiswillingness to maneuver, with a proportiona
propengity to move toward the red goal, minimized bluelosses. In an open battlefidd, a
strong bond with the unit reduced |osses.

The am of command and control is not to increase our capecity to
perform command and contral. It is not more command and control thet we are after.
Instead, we seek to decrease the amount of command and control that we need [Ref 10].
How best to do so remains an open question. The results here and in other MCCDC
gudies provide someinitid insights. The methods studied here should facilitate finding

more.
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. INTRODUCTION

“The occurrences of war will not unfold like clockwork. Thus, we can not
hope to impose precise, positive control over events. The best we can
hope for isto impose a general framework of order on the disorder, to
prescribe the general flow of action rather than try to control each event.”

Warfighting, FMFM-1

War is a human phenomenon and the essence of war is a clash between human
wills[Ref 10]. Because war isaviolent enterprise, danger is afundamenta characteristic
of war. The human reaction to danger is fear, which has a sgnificant impact on the
conduct of war. No degree of technologica development or scientific caculation will
overcome the human dimension of war [Ref 11].

Marine Corps warfighting doctrine encompasses the notion that uncertainty and
fear will dways be present on the battlefield. One can not expect to control that human
dimension of war, but one must understand that it is present and function effectively with
it. Marine Corps doctrine provides ingght into these intangible human dimensons and
incorporates these ingghts in the development of its leaders. Marine Corps doctrine uses
leadership principles to build an effective command and control system that accepts the
turbulence and uncertainty of war rather than try and control it.

Thisthess utilizes the agent based smulation Irreducible Semi- Autonomous
Adaptive Combat, or ISAAC, to explore parameters associated with the human eements

of the command and control in an urban combat scenario [Ref 7]. ISAAC isexplored



using advanced gatigtica designs and the datais displayed in multi-dimensiond Trdlis
plots and Design plots. During some preliminary smulation runs, regions of the
parameter space that were senditive to change were determined. These regions were
further explored to gain an understanding of how the human eements of combat fit
together within ISAAC. This may dlow the development of ways to exploit these
sengtive regionsin combat [Ref 7].

“An effective command and control system must account for the characterigtics
and limits of human nature and at the same time exploit and enhance uniquely human
kills’ [Ref 11]. The human dement is difficult to sudy both quditatively and
quantitatively through smulation. Command and control systems are basicaly
comprised of two dements. Thefirst dement is people and the second element is
information. It isimportant to remember that the aim of command and control is not to
lessen the role of people but to help them perform better [Ref 11]. 1t would be amistake
to believe that technology will solve dl the problems of command and control. An
understanding of the human eement or dimension of command and control is essentid to
its effectiveness.

One of the human dements that directly influence the effectiveness of a command
and control system is the persondity of those involved. The persondities of the leader
and of those led directly affect the effectiveness of a combat unit. Thereis an inseparable
relationship between the leader and the led. “Leaders must have a strong sense of the
great respongbility of their office; the resources they will expend in war are human lives’

[Ref 12]. Individua persondity dictates the different reactions to the stress of war. An



understanding of the effects of differing persondities on misson objectives, particularly
through the use of current sandard military modeling toals, is a difficult task.

War is a system composed of semi-autonomous and hierarchicaly organized
agents that are continuoudy adapting to changing environments [Ref 9]. War hasdl the
key features of complex adaptive systems. War has combat forces that are composed of
large numbers of nonlinearly interacting parts and are organized in a command and
control hierarchy. Thereisloca action, which often gppears disordered, but brings about
long range order. The combatants, in order to survive, must continually adapt to changing
gtuations. Also, thereis no one voice that dictates the actions of each and every
combatant [Ref 7]. Since many of the key features of complex systems exist in warfare,
there may be some link between complex systems and combat. Exploring thislink can
provide further ingght into modeling the human dimension of warfare.

The Marine Corps has undertaken the study of war as a complex adaptive system
in an atempt to learn more about the uniquely human qudities that affect combat
gtuaions. The Marine Corps has suggested that perhaps an gpplication of complexity
theory to land warfare includes providing an agent based smulation of combat. The
agent based smulation is formulated on the concept that globa behavior of a complex
system originates largely from low leve interactions among its primitive agents [Ref 7).
The fundamenta question that arises from the study of war as a complex adaptive
gysemsisthis. can an agent based smulation be used to represent real world systems
composed of individuals that have alarge space of complex behaviors to choose from?

ISAAC was designed to explore this question.



The Marine Corps has done some preiminary research using ISAAC [Ref 6,8].
Such works include:

Horne, Gary E. “Maneuver Warfare Didillations. Essence not Verismilitude.”
[Ref 6].

Horne, Gary. & Captain Mary Leonardi. “Trust on the BattleFied.” [Ref 8]
Horne, Gary., Capt Bates and Capt. Bargeron. “Quantitative Support to Decision
Makers using Agent Based Modeling of Conflicts.”

The first work [Ref 6] usesascenario cdled AMY _S. This scenario is designed
to gain ingght into maneuver vs. dtrition warfare. By increasing a unit’s propengty to
move away from an enemy, the agent’ s tactics took on the gppearance of a maneuver type
tactic vice an dtrition type tactic. Varying the propendty to attract or repd the enemy
yidded different results. A unit that tended to repel or move away from the enemy
tended to have fewer casudties. Dr. Horne' s scenario was designed as atool to usein the
process of beginning to understand how these results occurred. In Dr. Horne' s scenario,
cregting a maneuver style of warfare resulted fewer casudties.

ISAAC was used in the remaining two studies to explore the effects of trust on the
battlefiddd. The notion of trust was explored using the communication capakilities of
ISAAC. Communication alows agentsto pass on sensor information to Smilar agents
and to weight the use of that information in the agent’s movement propensity. The
communication was utilized as aform of trust and describes the faith and confidence one
agent hasin the information provided by another.

Two scenarios known as EIPP and UPTON were explored in the studies utilizing

the communication ranges and weights. The scenarios differed in terrain and number of



combatants. The mission successin both scenarios varied with respect to the
communication levels gppearing in the scenarios. The number of friendly forces killed
decreased as the communication range and weight increased. However, aleve was
reached where the number of friendlies killed increased with further increasesin the
communication level. A very nonlinear, even nonmonotonic, relationship existed. The
nonlinear relationship generated new areas of interest and further sudiesinto the notion
of trust on the baitlefield.

These earlier works stress the purpose of ISAAC as atool to explore scenarios.
The outcomes hopefully generate new questions, fuel further research work, and assgt in
gaining some new understanding of the human eement of combat.

The underlying dynamics of the modd ISAAC are patterned after mobile cdlular
automatarules. ISAAC conssts of a discrete heterogeneous set of individua agents that
move through alattice and can carry information as they go [Ref 7]. Each of the agents
has its own characterigtic properties and rules of behavior. The ISAAC agent isthe most
basic eement of ISAAC and represents a primitive combat unit. Each agent is equipped
with the following characterigtics [Ref 7]:

Doctrine adefault loca rule set specifying behavior in a generic environmen.

Mission: gods directing behavior.

Situational Awareness. sensors generating an interna map of the environment.

Adaptability: an interna mechanism to dter behavior and /or rules.

With the above characterigtics defined by the users, the scenarios can be run using an
initid random or specified placement of forces.

ISAAC isdesigned to dlow the user to explore the evolving patterns of large unit

behavior that result from the collective interactions of individua agents [Ref 9]. By



exploring the affects of changing persondities of leaders and subordinates on the
battlefidd, ingght can be gained in their ability to influence the action on the baitlefield.
ISAAC provides an arenaiin which to explore the consegquences of various essentid
characterigtics of combat. Thisthess uses ISAAC to explore commander/subordinate
persondities and gods within acommand and control structure in an urban scenario.
Inthisthesis, Chapter 2 gives the background motivation and the scope of this
thesis. Chapter 3 gives a detailed description of the ISAAC parameters. Chapter 4
explains the andysis methodology used to explore the ISAAC data. Chapter 5 explains
the results of the analysis. Chapter 6 usesthe ISAAC results to examine four
fundamental command and control questions. Chapter 7 providesalist of
recommendations for MCCDC for improvements in the analysis and devel opment of

ISAAC.



[I. BACKGROUND

In 1914, F. W. Lanchester introduced a set of coupled ordinary differentia
equations, now known as Lanchester equations, as models of attrition in modern warfare
[Ref 3]. The Lanchester equations are the fundamenta mathematica models upon which
most modern theories of combat attrition are based. However, the basic Lanchester
equations are gpplicable only when certain assumptions are made and therefore have
catan limitations. These assumptions, for the basic Lanchester modd, include having
large homogeneous forces continualy engaged in combat. Also, in the Lanchester square
law equations, units are dways aware of the position and condition of dl opposing units
[Ref 3]. Additiona assumptions of the Lanchester equations include modeling combat as
adeterministic process, and requiring knowledge of the “ttrition-rate coefficients’ [Ref
3]. Lanchester equations have provided a strong foundation for models when these
assumptions and their limitations are understood. However, Lanchester equations have a
drawback for they do not effectively incorporate the human factor in combat. For this
reason they are not sufficient for exploring the human dimension of warfare.

A. HISTORICAL STUDIESUSING LANCHESTER EQUATIONS

Severd higtorica studies have been completed to fit campaign data using
Lanchester equations. Three studies of interest, in which historical data was present,
include the Ardennes campaign by Jerome Bracken, the Inchon-Seoul campaign by Dean

S. Hartley and Robert L. Helmbold, and the Iwo Jma campaign by J. H. Engd. The



Ardennes campaign research results were thought to be the most successful at fitting data
using Lanchester linear law equations. Although initially successful, the Ardennes
campaign provided only one data point from which to assess the vdidity of the
Lanchester equations [Ref 1]. Ronald D. Fricker soon after refuted Bracken’s Ardennes
findings using liner regresson and data from the entire campaign with the addition of air
sortie data [Ref 15]. In contrast to Bracken's previous results, Fricker concluded that
neither Lanchester linear nor Lanchester square laws fit the data [Ref 15].

In the Inchon-Seoul campaign, Dean Hartley fdt that the Lanchester equation
components were ineffective. Hartley voiced his suspicion that, “the Lanchestarian laws
do not describe actud combat.” Hartley further explained that, in his view, “the data
examined are insufficient for any strong conclusions’ [Ref 1]. In Engd’s sudy of the
Ilwo Jma campaign, he was successful in fitting the data to the Lanchester square law
equations. However, thefit could not be fully vaidated since the data could aso fit with
other Lanchester equations. These results il leave many concerns regarding the
applicability of Lanchester equations to modd actua combat. Bracken concludes, “two-
Sded time higtories of warfare on battles and campaigns are very rare, 0 Lanchester
modds have not been vaidated with higtorical data’ [Ref 1].

By higtorica standards, the modern battlefield is particularly disorderly. Inthe
padt, linear formations and linear fronts described the battlefield. Today’ s battlefield can
not be thought of in linear terms. Technological improvementsin mobility, range,
lethdity and information gathering continue to compress time and space, forcing higher

operating tempos and creating a greater demand for effective command and control [Ref



11]. The Lanchester equations do not sufficiently meet the needs for ng the
advanced warfighting concepts being explored by the Marine Corps. The current Marine
Corps vison of combet is amdl, highly trained, well-armed autonomous teams working
together, which continually adapt to changing conditions and environmentsin a complex
bettlefield [Ref 10].

B. PURPOSE AND RATIONALE

“ S0 a military force has no constant formation, water has no constant
shape: the ability to gain victory by changing and adapting according to
the opponent is called genius.”

The Art of War, Sun Tzu

The purpose of this study isto use ISAAC as an exploratory tool with which to
explore and examine the developing behaviors arising from various interaction rules
between commanders and subordinates. ISAAC’'s command and control optionsalow
for the presence of local commanders (L Cs) and for the representation of their ability to
influence the action on the batlefield. The study investigates the effect of varying the
persondity traits of the LC and the subordinates, varying the LC' sinformation leve,
varying the LC’s bond with the subordinates, and varying the friction level of combat.
The emphasisis on the command and control aspects of ISAAC and using ISAAC to
explore the following four questions:

1. Tradeoffs exist between centralized and decentralized command and control in
an urban environment. Isacentraized or decentralized command and control structure

more conducive to the attainment of mission objectives?



2. When exploring the consequences of leadership personalities, what effect does
varying the LC's or subordinates persondities have on the attainment of misson
objectives?

3. When suggesting the likelihood of possible outcomes as afunction of initid
conditions, do the same sgnificant parameters gpply globally or are they scenario
dependent?

4. When exploring the phenomena known as friction crested by the “fog of war”,
how does a commander’ s persondity affect the attainment of mission objectives when the
friction between the commander and subordinates is varied?

It isimportant to understand that ISAAC isatool that aids in the exploration of
these questions. At thistime, the Marine Corps consders the use of ISAAC to bea
means of hypothesis generation for patterns of behavior that are unexpected. Although
the link between ISAAC as a smulation and the behavior of the agents to the red world
is being explored, no doctrina changes are occurring based on ISAAC' s results.

C. URBAN SCENARIO

Initidly, | established a scenario that was motivated by ared lifemisson. |
developed an urban scenario that was motivated by my experiencesin Somdia. In early
1995, | was part of the 11" Marine Expeditionary Unit (MEU) that was involved in the
withdrawd of NATO forces from Somdia During the actud misson Marines were
inserted into an urban environment while NATO forces were withdrawn from the area
At the conclusion of the NATO withdrawa the Marines were required to maneuver

through the urban environment to an extraction point.
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This scenario provides an opportunity to explore the Marine Corps current vision
of combat and the human eements incorporated in a command and control structurein an
urban environment. According to Lt. Gen. John E. Rhodes, “... that battle will take place
in an environment we cal the Three-Block War, Marineswill be called upon to provide
humanitarian assistance, separate groups of would- be combatants and engage in lethd,
high intengty urban combat - dl in three city blocks’ [Ref 16]. In ISAAC, the urban
scenaio issmilar to Somalia. Red and blue dots represent the opposing forces. The red
forces are greater in number, less technologicaly advanced, and have aloosdly organized
command and control structure. The red forces use specified persondities that are held
constant. The blue forces are smdler in number, technologicaly more advanced, and
have a very structured command and control system. The blue forces are divided into
three squads, each with aL C. The blue force LC persondity traits and subordinate
persondity traits are varied in conjunction with the parameters of the command and
control structurein ISAAC.

The scenario was run with varied initid random placement of the ISAAC agents.
The time to misson completion and the number of blue agents killed were collected as
data. Theregionsthat developed interesting patterns were further explored to gain
ingght into the different LC persondities as gpplied to command and control on the
battlefield and its affect on misson attainment.

D. THESIS SCOPE
| SAAC has gpproximately 48 parameters. To explore the effects of varying 48

parameters would be an overwheming task. For example, athreelevd full factorid
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design requires 3*® = 7.98 x 10 runs to obtain one data point for each of the possible
combinations. This number far exceeds the capabilities of dl of today’s computers. It
a0 exceads the andysis ahilities of most andysts to comprehend. Even relatively
smple models, such as ISAAC, contain too many parametersto run al possble
combinations. Therefore to identify the prevalent indicators of LC personditiesin the
command and control structure, advance design of experiments were used, such as
fractiond factorid designs, that dlow the efficient exploration of higher dimensons of a
modd space [Ref 2]. The Maui High Performance Computer Center (MHPCC) was
made available to perform the multiple runs necessary for each parameter combination.
Thisdlows anadlyss on the main effects and the complex interactions that occur between

them.
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[Il. MODEL DESCRIPTION

A. MODEL OVERVIEW

This chapter explains the design philosophy of ISAAC, which includesthe
generd penaty movement formula of the agents and describes the parametersin ISAAC.
Theinput file for the urban scenario is given in Appendix A. It was developed and used
as abase case for the satitical runs. Appendix A can be used as areference guide as the
model parameters are described.

B. |SAAC DESIGN PHILOSOPHY
1. | SAAC Overview

The battlefield in ISAAC is represented on a two-dimensond latice of discrete
gtes[Ref 6]. Each site of the lattice may be occupied by one of two kinds of agents: red
or blue. Theinitid state conssts of either user-specified formations of red and blue
agents or arandom distribution of red or blue agents. Red and blue flags that represent
gods have a user-specified podtion. A typicd god for both red and blue agentsisto
successfully reach the flag positioned in the diagondly opposte corner. ISAAC aso has
the cgpability of defining notiond terrain [Ref 6].

2. ISAAC’s Intended Use

ISAAC isnot intended as afull system level model of combat but as a conceptud
playground in which to explore high-level emergent behaviors arising from various low-
leve interaction rules[Ref 7]. The fundamenta principle in ISAAC isnot to modd a

specific piece of hardware but to provide an understanding of the behaviord tradeoffs
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involved among alarge number of variables[Ref 7]. ISAAC dlows the user to explore
multiple scenarios with the idea of discovering and exploring the interesting emergent
properties that develop from the low-levd interaction rules established by the user.

3. |SAAC’s Guiding Principles

ISAAC's design philosophy is based on two guiding principles. (1) keep dl
components and rules as Smple as possible and (2) treat decisions as persondlity driven
movement propendgties [Ref 7]. Thefirst principle refersto the effort to adhereto a
relatively smal set of basic combat and movement rules and to try and give the user an
intuitive underganding of these rules. Therefore, the user can develop scenarios based on
actud occurrences and explore the possible emergent behaviors that occur to gain further
ingght into battlefidd developments.

The second principle is based on the fact that al decisonsin ISAAC are
persondity driven decisons [Ref 7]. These decisions are based on a persondity, which is
developed randomly or by the user. The persondity type attaches a degree of importance
to each factor relevant to making a particular movement decison [Ref 7]. The guiding
rules for each agent follow these three basic questions:

1. What are my immediate and/or long-term goas?

2. What do | currently sensein my environment?

3. How canl usewhat | currently know of my environment to attain my goas?
To smplify further, an individua agent cares only about moving toward or away from al
other agents and his own and the enemy’ sflag [Ref 7]. The movement decison is based

on the weights given to a particular movement propensity of the agent.
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4. TheBasicISAACA

Each individua agent, called an ISAACA, exigsin one of three Sates: dive,
injured or dead [Ref 7]. Injured ISAACAS can have different persondities then when
they are dive but thisis not arequirement. Thisis a user-defined option based on the
scenario developed and the behavior explored by the user. When an ISAACA trangtions
from dive to injured, the agent incurs some pendties on its combat abilities. Inthe
injured State, the range a which an ISAACA can shoot an enemy is equd to one-hdf of
the rangein the dlive state [Ref 7]. In the injured Sate, the ISAACA’s movement range
is reduced to the minimum possible range of one [Ref 7].

There are five ranges that are associated with each ISAACA.:

1. sensorrange

2. firerange

3. threshold range

4. movement range

5. communications range
These ranges are what the individua ISAACA usesto sense and gather local information
[Ref 7]. The | SAACA persondity determines how the ISAACA will respond toitsloca
environment. Therefore, it is essentid to have an understanding of these different ranges
and how they relate to the ISAACA movement pendty formula, discussed in the
following section.

The sensor range defines the maximum range at which the ISAACA can sense

other ISAACAS[Ref 7]. The sensor range defines a boxed area around the ISAACA.
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The sensor range can be a minimum of zero, meaning the ISAACA senses nothing, or it
can be amaximum of the battlefidd size.

The firing range defines a boxed area surrounding an ISAACA within which the
ISAACA can engage enemy ISAACASsin combat [Ref 7]. Combat adjudication isvery
graightforward in ISAAC. Each ISAACA isgiven an opportunity to fire & any enemy
that iswithin that ISAACA' sfiring range. The probability of hitting the engaged
ISAACA isuser-specified and is further discussed in alater section.

The threshold range defines a boxed area surrounding an ISAACA in which the
ISAACA computes the number of friendly and enemy ISAACAS detected in the boxed
area. The number of friendly and enemy |SAACAS detected plays arole in determining
what move to make at agiven time step [Ref 7]. The threshold range differs from the
sensor range because the threshold range becomes a factor in determining when a user-
defined set of socid behaviord condrantswill be activated. These socia congtraints are
discussed in more detail in the following sections.

The movement range defines a boxed area surrounding an ISAACA that defines a
region on the battlefield from which a possible move can be sdected on a given time step
[Ref 7]. Inthisverson of ISAAC, the movement optionsare 0, 1, or 2. Movement
options will be discussed in more detall in the following section.

The communication range defines a boxed area surrounding an ISAACA such
that any friendly ISAACA within communication range of the centraly located ISAACA

communicates the information content of its loca sensor fidd [Ref 7). If the
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communication option is enabled, each ISAACA can extend its sensor range by
communicating with the other friendly ISAACASs within its communication range.

C. ISAACA MOVE SELECTION

At its movement time, each ISAACA can choose to move from its current
position to any of the Stesthat are within the user defined movement range. The

ISAACA can dso remain in its current position, see the figure below.

Figure2: Set of possible ISAACA movesfrom itscurrent (x,y) postion. The
inner shaded ar ea depicts possible moves with a movement range (ry) of
one. Thewhite area depictsthe additional possible moveswith a
movement rangeistwo.
Each site or location on the battlefield may be occupied by, a mogt, one ISAACA
[Ref 7]. The ISAACA’s personality weights are used to rank each possible move
according to a pendty function. The pendty function measures the totd distance that the

ISAACA will be from other ISAACAs and fromit'sown and enemy flag [Ref 7]. The
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ISAACA moves to the position that incurs the least pendty or the move that best satisfies

the ISAACA’s persondity driven propensity [Ref 7]. The movement pendty function:

where:

Z(x,y) =W1 S red N aivered aivered;i dli;(xy)] + )
W2 S piue N aive blue Baivebive i dlii(XY)] +
W3 S red N Yinjured red Qinjured et i dli;(%,y)] +
Wa S hive N injured biue &injuredbiue i d[i;(%y)] +
Ws Onew [red flag; (x,y)] / doid [red flag; (x,y)] +

We Ohew [blueflag; (x,y)] / doia [blueflag; (xy)]

w;’ s = the components of the persondity weights,
Sed = (2)Y? 1eq, red scale factor based on red movement range freg,
Soce = (2)Y2 rye, blue scale factor based on blue movement range riyee,

d[i;(x,y)] = the distance between the i’ dement of a given sum and the
ISAACA positioned at (X,y),

N; isthe totd number of dements within the given sensor range,

dnew = the distance computed using the given agents new
(possible) move position,

dolg = the distances computed using the given agents old
(current) pogtion,

Aaivered: i d[i;(X,y)] = the sum of the distances from the position (x,y) to
al red dive ISAACA’s located within the sensor
range box of position (x,y) [Ref 7].

The pendty is computed for each of the possible moves and the actud move isthe

one that incurs the least pendty. If atie occursin the pendty caculaion, ISAAC
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randomly sdects the actud move from among the candidate moves making up the tie set
[Ref 7]. Anexample of this caculation is depicted in Figure 3. Here the movement
range is one and the next move is determined by minimizing the pendty that will be
incurred by sdlecting each of the nine nearest neighboring sites. Since there are no

injured red or blue agents ws and w;, equal zero.

! DR—goaJ

Figure 3: Sample penalty calculation. Thegiven ISAACA (center) is
calculating the movement penalty function from the possible movement
location to theright of itscurrent postion.

The pendty function for Figure 3 is given explicitly by:
Z(x,y) = Wi Sreq (1/3) [Da + Dp + Dc ]+ 2)
W2 S-lblue (1/2) [Da + Dg ] +Ws (Dr-goa / DOR-goaI) +

We (DB—goaI / DOB—goaI)
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where: DRr-goa ad DOR.god are the distances from (x’,y’) to the red god,

Dg-goal ad D’ g0a are the distances from (x',y’) to the blue

god,

Da, Dy, and D, are the distances from (X’,y’) to blue occupied Sites,
Da and Dg are distances from (x’,y’) to red occupied Sites,
Sed = (2)Y2 1eq, red scale factor based on red movement range freg,

Soce = (2)Y2 rye, blue scale factor based on blue movement range riyee,

D. GENERAL BATTLE PARAMETERS

ISAAC congsts of approximately 48 parameters that the user can vary. This
section gives agenera description of those parameters. The intent isto give the reeder a
sense or intuitive fed for the parameters. Thiswill aid in the undergtanding of the
parameters chosen for the anadlyssin this thesis.

Battlefield Sze (Battle_size) defines the length of one of the Sdes of the two-
dimengiona square lattice on which therun isto be made. The user can specify any
integer number between 10 and 150 [Ref 7]. The urban scenario uses a 100 for battle size
for 2100 x 100 bettlefied. Thiswas held congtant throughout the analysis.

Initid ISAACA digribution flags (Init_dist_flag) can take one of three integer
vaues 1, 2, or 3. These parametersdlow for theinitial gpatia distribution of the red and
blue ISAACAS. A vaue of one meansthe user definestheinitid red and blue ISAACA
distribution on the battlefield. If avaue of two is used, the red and blue ISAACASs
initialy congst of random formeations near the lower-left and upper-right corners of the

battlefidd. If avaue of threeis used, the red and blue ISAACAs are initialy randomly
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placed within a square box &t the center of the battlefied [Ref 7]. The urban scenario,

see Fgure 4, used avdue of onefor theinitid distribution.

REDL 11: ISAAC { Version 1.8.6 BLUEL 11:
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Figure4: Urban scenario developed for use with ISAAC. The blocks
represent terrain or buildings. The blue agents are attempting to
maneuver to thered flag in the upper right corner. Thisurban scenario
isalso being utilized for further research in command and control aspects
by the Swedish military.

Start location, R_box_(l,w) and B_box(l,w) define the length and width of the box

or area containing the initia distribution of red or blue ISAACA’sfor each of up to ten

squads [Ref 7]. The urban scenario conssts of three blue squads with thirteen blue
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ISAACASs each and one red squad with two hundred red ISAACAs. The box for the blue
ISAACASsisin the lower |eft corner and the box for the red ISAACAs is the bettlefield
itsdf. Centering battlefidld coordinates, Red _cen_(Xx,y) and B_cen_(x,y), provide the
coordinates for the center of the box containing the distribution of red ISAACAs and blue
ISAACASfor each of the squads [Ref 7].

Flag location, B_flag(x,y) and R_flag(x,y), providesthe user defined location of
the red and blue flags or goals [Ref 7]. For the purposes of the urban scenario, the flags
are in the upper right corner for the red flag and the lower I€eft corner for the blueflag. In
this scenario, the red ISAACAS are not advancing towards the blue flag since the red
objective is not to reach the blue god but to destroy the blue ISAACAs. The blue
ISAACASs advance toward the red flag to Smulate traversing through an urban
environment to reach an extraction point.

The Termination parameter specifies the termination condition that will be used
during the run of the scenario. If aoneisused, the run is terminated whenever any
ISAACA resches the opposing flag for thefirst time. If avaue of two isused, the run
continues until terminated by the user [Ref 7]. On apersona computer, the termination
etting of two alowed the smulation to be terminated by the user when al three squads
reached the red flag. However, a the Maui High Performance Computer Center
(MHPCC), it was necessary to submit a specific stop time. Using gpproximately 4000
preliminary runs on a persond computer, Smulation termination times were determined
for each set of parameters that were explored. The stop times were then submitted with

smulation run specifications to MHPCC.
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Move order isaparameter that dlows two ways for individua ISAACA moves
to occur. If using avaue one, at the start of each run arandom ordered list of red and
blue ISAACASis set up prior to the start of the movement. During al subsequent passes,
ISAACA moves are then determined by sequencing through thislist of fixed order. If
using avaue of two, each time the list starts the sequencing occursin arandom order
[Ref 7). The urban scenario uses avaue of two for the move order. The actua
movement decison formulation in ISAAC will be explained in more detail in the
following sections.

Combat_flag isaparameter that specifies the maximum number of engagements
between enemy ISAACAS that can occur. If avaue of zero is used, thereisno limit to
the maximum number of possible smultaneous engagements. This meansthat al enemy
ISAACAs within agiven ISAACA' sfiring range will be automaticaly targeted for
engagement. If avaue of oneisused then each sde will be ale to Smultaneoudy target
a user-specified maximum number of enemy ISAACAS per sequence [Ref 7]. These
maximums are &=t in the maximum engagement number (R_maxeng_num and
B_max_eng_num) parameter settings at the end of the input scenario. In the urban
scenario, these parameters were constant: two for the red ISAACAs and six for the blue
ISAACAs. Thisdifference smulated the different technologica capabilitiesin the two
opposing forces. A more technologically advanced combat unit would be able to engage
more targets.

Terrain_flag controls the use of terrain and takes either avaue of zero for off or

avaue of oneif enabling the terrain option [Ref 7]. The urban scenario has terrain and
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therefore the software flag isenabled. Theterrain is designed to smulate abasic urban
environment. The terrain was not varied in the multiple runs of this scenario. 1ISAAC
hasaLine of Sght (LOS) software flag that can be used in conjunction with the terrain.
If LOS is enabled, set to one, the ISAACAS can sense through terrain. The urban
scenario used the default setting of zero, thus ISAACAS were not capable of sensing
through terrain. This option was not explored in this scenario but could be interesting in
follow on research.

E. OTHER NON-ACTIVATED ISAAC PARAMETERS

ISAAC has severd parameters that ded with fratricide and the probability that an
ISAACA will hit one of its own when engaging an enemy. ISAAC dso has parameters
to dlow for the recondtitution of killed ISAACAs after a user-defined time period. This
dlowsfor the equivdent of unit reinforcementsto occur. Although more than worthy of
exploration, these parameters exceed the scope of thisthesis and therefore were not used
in the development of this scenario.

The input format also indicates a set of Satistic parameters built into ISAAC. The
datistic parameters were utilized by MHPCC in their development of a core engine
datistics package. For thisthes's, the scenario datainput file was sent to MHPCC. The
statistics core engine developed by MHPCC was used to gather the appropriate Satistics,
which will be discussad in the analys's methodology section. The results were sent from
MHPCC for andysis using the S-Plus atistics package. Therefore these software flags

were not activated.
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F. COMMAND PARAMETERS

1. Global Command Parameters

ISAAC was developed with the vison of having a command structure with
multiple levels. Within this structure, a global commander could influence and impact
the decisons made by aLC on his subordinates. At thistime, the globa command
parameters are not incorporated into ISAAC. The software shell has been created but the
logic structure has not been developed. Therefore, the global command parameters are
listed in the input scenario text file, but they do not have an impact in the current version
of ISAAC. At present ISAAC only has one command level; the LC and his subordinates.
This command level was used in the development of the urban scenario.

2. Local Command Parameters

Theloca command parameters of the input data file consist of flags and variables
defining the local command persondity. The following description is explained for the
blue forces since it is applicable to the urban scenario. However, if the red forces were to
have aLC, the same flags and variables could be utilized. In the urban scenario, the red
forces are assumed to be unorganized.

Theblue LC flag (Blue_local_flag) is a software flag that indicates whether the
loca commander options will be used in ISAAC. When enabled or st to one, the
remainder of the LC variables and flags become activated. The number of blue
commander’ s parameter (num_BLUE_cmdrs) isrelated directly to this software flag.
This defines the number of blue LCs[Ref 7]. The maximum number of LCsisten and

the entries following each LC refersto that particular LC. Each LC can have an unique
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st of persondity parameters. In the urban scenario, the three LCs are given the same
persondity weights and condraints. 1ISAAC is not cagpable of recording the results with
respect to the different personaity parameters for each individua commander. Therefore
the LC persondities remain congtant to gain an ingght into the collective behavior of the
group.

The variable patch type (B_patch _typ,) describesaLC’'s command area. This will
be explained in further detail in alater section. The command area may be partitioned
into 3x3 or 5x5 blocks of smaler blocks [Ref 7]. These blocks become areas where the
LC makes movement cal culations to determine where the subordinates will be directed to
move. A parameter of one indicates a 3x3 block and a parameter of two indicates a 5x5
block.

The paich flag (B_patch_flag) isaflag that regulates how aLC bresks atie
between two or more of the sub-blocks that will incur the same movement pendty
caculation. If the patch flag is set to one, the LC chooses a random sub-block out of this
same pendty set. If the patch flag is two, the sub-block that is chosen is the one nearest
the sub-block that was previoudy chosen [Ref 7]. In this scenario, the patch flag is set to
two. The number of subordinates for each LC is specified by the parameter B_undr_cmd.

Command radius (B_cmnd_rad) defines the radius of one of the sub-blocks that a
LC scommand areais subdivided [Ref 7]. Theradius of acommand area is determined
by the formula (2r+1). Therefore a patch flag of one and aradius of one make a

command area of 3(2r+1) x 3(2r+1) = 9x9 sub-blocks.
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LC sensor range (B SENSOR _rng) defines the blue LC' s sensor range [Ref 7).
Thisisthe range a which the LC can detect other ISAACAs. This LC sensor range can
be different from that of the subordinate ISAACA sensor range.

3. L ocal Commander Personality Weights

ISAAC has six persondity weights that can be assigned to individud ISAACAS.
This means that both LCs and subordinate ISAACAs are assigned persondities. The
persondity weights of the LC can be different from that of the subordinate ISAACA, and
the persondity of asquad of ISAACAS can be different from that of other squads.
However, the ISAACAS of the same squad dl have the same persondity weights. The
ax persondity weights can be gpplied to the movement propengty of ISAACASsin ther
dive and injured dates. These Sx persondity weights are normalized with each other
and then used in the movement calculations to determine an individua ISAACA's
propengty to move toward or away from aneighboring ISAACA [Ref 7]. This
movement penalty calculation, based on persondity weights, was discussed previoudy in
the ISAACA movement section.

The persondity weightswl and w2 (wl:alive B and w2:alive R,) definean
ISAACA’srelative weight afforded to moving toward an dive blue and an dive red
ISAACA. Theweight w3 and w4 (W3:injrd_B and w4:injrd_R) define the reative weight
afforded to moving toward an injured blue and an injured red ISAACA. Thelast two
weightsw5 and w6 (w5:B_goal and wé:R_goal) represent the weight afforded to moving
toward the blue goal and the red goa by that ISAACA. These weighted numbers can be

any postive or negative number and are normalized with the other persondity weights
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[Ref 7]. A negative weight is associated with an ISAACA' s propensity to move away
from that corresponding ISAACA or flag, and a positive weight reflectsan ISAACA’s
propengty of moving toward a corresponding ISAACA or flag. In the urban scenario,
these persondity weights are varied to examine the effect on misson objectives.

4. Social Congtraints

For the LC, there are three socid condtraints that can be assigned. When a
movement sequence occurs for aLC, the threshold range is utilized to determineif the
socid condraintswill be applied to the overal movement pendty caculation. These
three congraints are termed socid congtraints Since they directly reflect an ISAACA’s
behavior in the presence of other friendly and enemy ISAACASs within the user-defined
threshold range. When activated, the socid condraints effect the implementation of the
ax persondity weights discussed earlier.

Advance threshold number (ADVANCE._num) defines the minimum number of
friendly ISAACASs that must be within the threshold range for the L C to continue moving
toward the enemy flag [Ref 7]. If this number is zero, this socid congtraint is not enabled
and the socid condraint is not gpplied. If this number is nonzero and the number of
friendly ISAACASs s less than the assigned advance number, the persondity weight wé
assigned to the enemy goa becomes—w6. If the number of friendly ISAACAs within the
threshold range is greater then the advance number, the origina user set w6 persondity
weight is used.

Clugter threshold number(_ CLUSTER _num) definesthe LC' sfriendly minimum

level. If the LC senses agreater number of friendly forceslocated within the threshold
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range, it will temporarily st its persondity weight for moving toward friendly
ISAACA’s (w1l and w3) to zero [Ref 7]. Again, setting the cluster threshold number to
zero does not enable this congtraint.

Combeat threshold number ( COMBAT _num) defines the conditions for which the
LC will choose to move toward or away from engaging an enemy ISAACA [Ref 7]. This
socid condraint defines an ISAACA’ swillingness to engage the enemy. This congraint
can be thought of asan ISAACA’s combat aggressiveness. A negative combat threshold
number impliesthat an ISAACA will have atendency to engage the enemy even when
out numbered by that assgned vaue. A podtive combat threshold number implies that
an ISAACA will not engage, if possble, unless the enemy is outnumbered by the
assigned vdue. In the positive combat threshold number case, if the assigned combat
threshold number is met, the movement personditiesw2 and w4 are unaffected.
However, if the combat threshold number is not met, w2 and w4 become —w2 and — wA4.
In the case of a negative combat threshold number, once the ISAACA is outnumbered by
that assgned vaueit will behave as above and choose to move away from the enemy

rather then engage the enemy [Ref 7].

29



5. Command Area Parameters

The LCs have a user-defined command ares, as described earlier. This command
area moves with the LC throughout the battlefield and is partitioned into 3x3 or 5x5
blocks of smdler blocks. The command area blocks are decision points used by the LC
to decide where to order the subordinates to move [Ref 7]. How the orders are giveniis
discussed below. The size of the smadler blocksis equd to (2r+1) by (2r+1), wherer is

the user-defined command radius discussed earlier, see Figure 5 below.
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Figure5: Command Area. With acommand radiusof 1, the command area
isa3x 3areaof blocks subdivided into (2r+1) x (2r+1) or 9 x 9 sub-
blocks. TheLC usesthe sub-blocksto direct hissubordinatesto a
location based on his user-defined per sonality.

If no enemy ISAACASs are sensed in the local command area, the components of

the LC's personality weight are set to zero, wl through wb. The only active component is
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w6, which isthe LC's propensity to proceed toward the enemy god [Ref 7]. When
enemy ISAACASs are sensed in the command areg, the local command persordity thet
drives the movement orders given to subordinate ISAACASs is defined by four weights
apha, beta, ddtaand gamma.  These weights describe the relative degree of importance
the LC places on various measures of information contained in each block of Steswithin
the command area. The rdative information isthe fractiond difference between the
number of friendly and enemy dive and injured ISAACASs contained in each block. The

LC weighs each block of sites by a pendty weight Z; given by:

Zi= dpha( Fialive _ Eialive) Fr-l + beta( Fialive _ Einjured) Fr-l +

ddta( Fiinjured _ Eialive) I:I_-l + ga,nma( Flinjured _ Einjured) Fl_-l (3)

where: F31Ve = number of dive friendly ISAACASsin theit™ block,
F"ured = number of injured friendly ISAACAs in theit” block,
E3"V® = number of dive enemy ISAACAS,
E"ured = humber of injured enemy ISAACAS,

Fr = tota number of friendly ISAACAs in the command area[Ref 7).
Then based on this pendty weight Z, the LC orders the subordinate to move in the

direction of the sub-block with the minimum pendty. An example of such acdculation

is represented in Figure 6. The minimum pendty location (g , ys) determined by the LC
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persondity movement propendty will be discussed in the overdl movement pendty

function in the next section.
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Figure6: Example Command Area. Thisisa smplified 3 x 3 block in which
the LC sensesthefriendly and enemy | SAACAS. Based on the user-
specified command per sonality weights, the L C directsthe subordinates
whereto move.
In generd, negative dpha, beta, deta and gammaweightsimply that the LC's
have a tendency to send subordinate ISAACASs away from enemy dominant blocks.
Pogtive weightsimply a LC' s tendency to send subordinates toward enemy dominant
blocks.
G. ISAACA PARAMETERS

1. Defining Numbersand Squads

The ISAACA parameter section of the datainput file consists of flags and
variables defining individua 1ISAACA’s parsondity weights. 1n many cases, the flags
and parameters may be smilar to some of the ones explained for the LC. Inthose
ingtances, the flags or parameters will be only briefly mentioned. However, there are

some differences that occur in the individud 1ISAACA case

32



The firgt three parameters are basically sdf-explanatory num_blues, squads and
num_per_squad. Thefirst parameter definesthe total number of blue ISAACAS, which
islimited to 400. The second parameter defines the total number of squads, whichiis
limited to ten. Thethird parameter defines the number of blue ISAACAS per squad for
each of the squads [Ref 7]. In the urban scenario, there are three squads of twelve
subordinates and one local commander eech.

Movement range (M_range) defines the movement range for each of the ten
possible squads. The movement range can be a zero, one, or two. A zero means the
ISAACA will not move. A one means an ISAACA can move zero or one space in any
direction, based on the minimum pendty function. A two impliesthat an ISAACA can
move zero, one, or two spacesin any direction, based on the minimum pendty function
[Ref 7]. In the urban scenario, a movement range of oneis used and held constant
throughout.

Personality is a software flag that specifies how the ISAACA’s persondity
weights, wl through w6, will be determined. A persondity of one means the user assgns
the persondlity weights as described earlier. A persondity of two means the weights of
w1 through w6 are randomly assigned. In this case, each blue ISAACA isassigned a
different random weight. In the urban scerario, a persondlity of oneis used.

2. | SAACA Personality Weights

The sx persondity weights for the ISAACA are identica to those described
previoudy for the LC. However, inthe ISAACA’s case, ISAAC alowsthe user to assign

adifferent st of 9x persondity weightsto an ISAACA when it trangtions from the dive
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date to theinjured gate. This alows the user to assign different persondity weightsto
injured ISAACAS. In the urban scenario, the persondlity weights are kept the same for
ISAACAs whether in the dlive or injured state. However, the individua weights, wl -
w6, were varied and will be discussed in later sections.

3. Local Commander Activated Weights

When the LC software flag is enabled, ISAAC activates two additiona
persondity weights to the individua ISAACAS[Ref 7]. Thefirst (w7:B_loc_comdr),
relates to the bond that exists between a subordinate and the commander. AstheLC
moves about the battlefield, this user-defined weight, zero to one, influences how much
weight the subordinate ISAACA affords to staying close to the commander. If the bond
isone, the ISAACA’s movement direction will be weighted more to stay closeto the LC.
On the other hand, if the bond is low the ISAACA will not give much weigh to its
movement propengity in the direction of the commander.

Whether or not the w7 weight is used depends on the LC’'s command area
described earlier. If the subordinate ISAACA is outside the LC's command area, this
welight is activated and the user assigned bond vaue is gpplied to the movement pendty
function of the ISAACA. ThelSAACA will then tend to move closer tothe LC. If the
ISAACA isdready insdethe LC' s command area, the w7 weight is not applied to the
movement pendty function [Ref 7]. If thew7 weight is set to zero, thereisno changein
the origind movement penaty function.

The second added weight isw8:B_loc_goal. Thisweight is associated with the

friction level on the battlefidd. AnISAACA’s aility to ligento the LC sordersis



reflected in the friction level. Thisweight relates to the movement orders given by the

L C based upon the LC' s decision cdculations in the command area[Ref 7]. Asthe
friction level increases on the battlefield, the ability of a subordinate to listen to the orders
of superior’ s decreases. Therefore, when the LC gives a movement order, the user
assigned ISAACA’ s ahility to listen is used to weight the ISAACA’s movement based on
the movement pendty function. A high ability to ligento the LC' sordersisaw8 = 1
and no ability to ligen to the LC' sordersisaw8 = 0.

When the LC flag is endbled, the movement pendty functionis

Z=Zo+W7 (XLc,YLo) + Ws ( Xg,YB) (4)

Where: Z, = generd movement pendty function.
(XLc,YLc) =LC's(x,y) coordinates on the bettlefield.

(Xg,Yg ) =the (x,y) coordinates of the move to block determined by the
command area parameters of the LC.

4. | SAAC General Parameters

This group of software flags and variables are best described as genera
parameters Sncethey vary in their gpplications. The defense flag is a software flag that
regulates the notiona defense option. If the defense _flag=0, this option is not enabled.
When thisflag is enabled, defense flag=1, two additiona parameters are defined. These
arealive_strength and injured_strength [Ref 7]. These parameters define the defense
grength of the dlive and injured ISAACAS. In the default case, when the defense flag is

not enabled, if an ISAACA is hit once, it changes from an dive sae to an injured State.
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If hit again, it will go from an injured state to akilled or removed state. However, this
option dlows the user to dter the default settings to alow more then one hit before an
ISAACA trangtions to another state [Ref 7]. In the urban scenario, the default setting is
used and this option was not explored further.

Sensor range (Srange) defines the ISAACA sensor range, as explained earlier,
for each of the possible ten ISAACA squads. The sensor range can be any positive
integer vdue. If avalue of zero is used, then the ISAACA will not sense anything around
itsdlf [Ref 7]. Also, squads can have different user-defined sensor ranges. In the urban
scenario, the sensor range of the blue ISAACASs is st a eight and the sensor range of the
red ISAACAsae st a Sx. Thisdifferenceisto smulate agreater technologica
advantage in obtaining loca enemy information for the blue forces.

Firing range (F_range) defines the firing range for each of the 10 possible
ISAACA squads. Firing range can take on any pogtiveinteger vaue. If firing rangeis
zero the ISAACA is unable to shoot [Ref 7]. In the urban scenario, the blue ISAACA
squads are given afiring range of eight and the red ISAACAs are given afiring range of
gx. Thisdifference was established, as described in sensor range, to smulate a
technologica advantage by the blue forces over the red forces.

The communication flag (Comm_flag) is a software flag that regulates the
communication option for the blue and red ISAACAS. If the communication option is
enabled, ISAACAs communicate with other friendly ISAACAswithin agiven
communicaion range (comm_range) as set by the user. This communication consgts of

the passing of the location of enemy ISAACAs. This, in turn, affects the movement
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pendty function for each ISAACA since more enemy information becomes available.

The weight afforded by using thisinformation is assigned by the user variable
comm_weight [Ref 7]. The communication weight is usualy a number between zero and
one, however, numbers greater then one can be used when the user desires to assign more
importance to information gained through communication then directly sensed by the
ISAACA [Ref 7]. Inthe urban scenario, the communication flag is not enabled. Marine
Corps Combat Devel opment Command in Quantico, Virginia has been doing extensve
research using the communication option. Therefore, this was not consdered a focus of
thisthesis, which dedls predominantly with the persondity differences between
commanders and subordinates.

5. | SAACA Social Constraints

Many of the socid congraints for the individua ISAACAS are the same as they
werefor theloca commander. The one differenceis that subordinate ISAACAS can
have different socid condraintsin an injured state. The ISAACASs have aset of socia
congraints when they areinthe dive sate. They dso have aset of socid condraints
when they trangition to the injured state. In the urban scenario, the socid condraints are
st to be the same. However, the user could use this option to explore other areas of
interest.

The movement flag (movement_flag) is a software flag that controls the use of the
socid condraints. If thisflagis set to zero, the socid congtraints will not be enabled. I
the flag is set to one, the socia congtraints become part of the movement penaty function

[Ref 7]. In the urban scenario, the movement flag is set to one and the socid congtraints
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are utilized. However, these parameters were not varied in the course of this analysis but
could easly be used to further expand the research.

Inthe ISAACA socid congraints, the threshold range, advance number, cluster
number and combat number areidentica to those described earlier in the LC' s socid
congtraint section. In the urban scenario, the cluster and combat socid condtraint
parameters are utilized. The cluster for the blue forcesis set at twelve to dlow squadsto
stay together but not have a propensity to move closer to other squads. The red forces are
given acuder of five. Thisis meant to smulate the red force asloosdaly organized units
in aurban environment. The combat parameter for the blue forcesis set at negative five.
Thismeans ablue ISAACA will engage an enemy even if outnumbered fiveto one. The
red forces are given a combat parameter setting of negative ten. Thisis designed so that
red forces, which are greater in number but less technologically advanced, are more
willing to engage the blue forces on their home sail.

ISAAC has a set of parameters for advance, cluster and combat that can be set to
randomly choose parameter settings with aminimum and maximum level. To havethis
option enabled, the persondlity flag, discussed earlier, must be enabled [Ref 7]. Once
enabled these three parameters are randomly chosen in each successive run between the
minimum and maximum level. This option is not enabled in this urban scenario.

The ISAACA socid condraints have three additional parameter settings that are
not avallableto the LC. These are minimum distance to friendly forces (B_B_min_dist),
minimum distance to enemy forces (B_R_min_dist), and minimum distance to enemy

god (R_R min_dist) [Ref 7]. The parameters are Smply user defined minimum
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distances. Therefore, if exceeded, the ISAACA’s movement pendty function takesthis
into account and attempts to make the necessary weighted adjustments to correct the
distance. ISAAC doesthis by defaulting to or negating the appropriate wl, w3 or w2, w4
persondity weight in the pendty movement formulato obtain the desired movement
propensity. These parameters can aso be set to be different for ISAACAsin the injured
date. In the urban scenario, a minimum distance between blue forcesis set to be three.
Thiswas to smulate atrained structured unit attempting to keep some dispersion of

forces while maneuvering through the city. This parameter was held congtant throughout
the exploratory research donein thisthesis.

6. Combat and Engagement Parameters

The probability of a hit on atargeted enemy (shot_prob) defines the blue
ISAACA’ssngle-shot hit probability. This represents the probability that atargeted
enemy ISAACA ishit [Ref 7]. In the urban scenario, the shot probability for the blue and
red forcesis.05. This probability is kept constant Snce, in an urban environment,
wegpons effectiveness can be serioudy degraded by the surrounding structures. With the
focus of thisthesis being command and control, the aspect of wegpons effectivenessin an
urban environment is left for future exploratory work.

The maximum enemy engagement number (B_max_eng_num) defines the
maximum number of Smultaneoudy targetable enemy forces by friendly forces. This
parameter correlates directly to the combat flag parameter discussed under the Generd
Parameters section. If the user wishes to define this maximum number of engagements,

the combeat flag is enabled and the user sets the appropriate number at thistime. If the
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combat flag is not enabled then this parameter smply has no maximum level [Ref 7]. In
the urban scenario, the blue forces can engage amaximum of six red targetsin range.
The red forces are only dlowed to engage two blue targets. Thisisto Smulate amore
technologicaly advanced unit with the ability to engage more targets and a unit with a

superior command and control structure.
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IV. ANALYSISMETHODOLOGY

This chapter explains the methodology used to explore ISAAC. In this chapter,
the measures of effectiveness (MOES) and datigtical designs used to evduate the
sgnificance of the parametersin ISAAC are explained. This chapter dso explains how
sample szes are chosen and the gatistica techniques used in determining the Sgnificance
of the ISAAC parameters. Also, this chapter explains some limitations imposed by the
MHPCC and the affect the limitations had on the gatigticd designs.

In the urban scenario, the misson of the blue friendly ISAACAS isto maneuver
through the urban environment to their objective, thered god. There are two measures
of effectiveness used to examine the success of the misson and provide someinsight into
the four basic command and control questions discussed in the Purpose and Rationale
section. Thefirg MOE istime to misson completion and the second MOE is number of
blue ISAACAskilled during the mission.

A. TIME TO MISSION COMPLETION (MOE 1)

The time to complete amisson is often a criticd misson eement that influences
the decision process of acommander. If amisson isdeemed time critical thenthe LC's
mission priorities often change. Theloss of human life is never taken lightly. Therefore,
an acceptable tradeoff between time requirements in amission and the loss of human life
must be found. The command and control structure in ISAAC has severa areas that
directly influence the time to mission completion. Four of the areas explored are the sze

of LC'scommand area, the LC's sensor range, the bond that exist between the LC and his
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subordinates, and the friction level that is created by the fog of war in stressful
environments. The command and control sructure in ISAAC is used to gainingght into
the relationships among these factors and the MOEs.

1. Areas Explored for Timeto Misson Completion

The 9ze of the command area directly relaesto the friendly and enemy
information the LC can sense. Thisisreflected in the movement decison or guidance
given to the subordinate ISAACAs. The ISAACASs use this movement guidance in their
movement pendty function. The user has the cgpability to change the size of the
command area. This can be done through the patch type and command radius
parameters. |If the decison area of the local commander isincreased, thereby increasing
the level of information, does this influence the time to misson completion? The size or
patch type and the command radius are varied and the time to misson completion was
andyzed.

The LC sensor range influences the movement decisons of theLC. TheLC's
movement directly influences the subordinate ISAACA’s movement decisions. The LC
sensor range levels are varied. They ranged from 6, less then the subordinate ISAACAS,
to 18, greater then the subordinate ISAACAS.

The remaining two areas explored for MOE 1 are the bond that exists between the
L C and the subordinate ISAACAS, and the friction level that occursin combet. In
ISAAC, bond is the subordinate ISAACA’ s tendency to remain closetothe LC asthe LC

maneuvers. If the bond is strong the LC has more direct influence over the subordinate
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ISAACA’s movement. This relationship exists because the subordinate ISAACA uses
more weight in its movement formulato stay closeto the LC.

The bond rdationship is dso explored in conjunction with the friction levd in the
scenario. Thefriction level isthe subordinate ISAACA’s dbility to listen to the
movement guidance given by the LC. The bond and friction levels are varied and the
time to misson completion is examined.

2. MHPCC Limitation for Timeto Misson Completion

The MHPCC has some limitations in the present statistical package in respect to
time to misson completion. The origind version of ISAAC was developed without the
ability to have aLC. Therefore, the statistic gathering software was written to record the
time the first ISAACA arrived at the objective. However, with the development of the
urban scenario conssting of three squads and three LCs, when one squad arrives a the
objective, the other two squads may gill be maneuvering through the urban environment.
It would not be accurate to assume that the arrival of the first squad to the objectiveis
equivaent to misson completion time. Therefore, to gain someingght into which
parameters are sgnificant in influencing time to misson completion, the smulaion runs
for MOE 1 were conducted interactively, one at atime, at a persona computer-vice
multiple runsat MHPCC. The parameters and results are then compared. The
smulations can be manualy stopped when dl three squads reached the objective using a
persond computer. Approximately 4000 Smulation runs were completed varying the
appropriate parameters. The results are examined to determine which parameters

influenced the time required for al three squads to reach the objective.
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B. BLUE ISAACASKILLED (MOE 2)
The second MOE is the number of blue ISAACASskilled in the completion of the

misson. This MOE alows the use of the full computationd capatiilities of the MHPCC.
Based on the preliminary research, four sets of parameters were selected. The
preliminary runs aso provided an opportunity to gain an intuitive fed for the effects of

the parameters on the MOES. This resulted in severd errors being identified and
corrected in the MHPCC datistical package during the initid command arearuns. These
sets of parameters were chosen to provide insight into the four basic questions discussed
ealier.

1. Command Area Parameter Set

This set of parametersis the primary means by which ISAAC is used to explore
the fundamental concepts of centrdized and decentrdized command and control. For the
LC, command and control is the means by which acommander recognizes what needs to
be done and is responsible for appropriate actions[Ref 11]. In some ingtances, command
and control occurs concurrently with action being taken in the form of redl time guidance
in response to a changing Stuation. The Command Area Parameter set included the four
parameters, alpha, beta, delta, and gamma, associated with the command area of the LC.
These four commander persondlity weights describe the relative degree of importance the
L C places on various measures of information contained in each block of steswithin his
command area. The four parameter weights are varied from a negative one, LC's

tendency to send subordinate ISAACASs away from enemy dominated blocks, to a



positive one, LC' s tendency to send subordinate ISAACAS toward enemy dominated
blocks.

The positive and negative settings are interpreted as a centralized command and
control sructure for the LC. The LC directly influences the movement decisons of the
subordinate ISAACAS by giving guidance based on his persondity. When the parameter
weights are zero, the LC is providing decentralized command and control to the
subordinates. The LC' s guidanceis neutral and the subordinate ISAACAs must rely on
the other e ementsin the command and control structure to make movement decisons.
So, with the LC’'s command area parameters a zero and therefore having no direct
influence, the LC provides aform of decentraized control based on his movement
decisions through the bond parameter.

Using MOE 1, the centrdized and decentraized command and control structures
are explored to provide ingght into which is more effective in an urban environment. A
smilar desert scenario was developed using ano terrain environment. The four
command persondity weights were varied in asmilar manner. Once again, the
command structure is explored and the results of both scenarios are compared.

2. Per sonality Parameter Sets

Two sets of parameters are chosen to explore the possibilities of the second basic
question, which concerns the consegquences of differing LC persondity weights and the
resulting differing subordinate ISAACA persondity weights. The two parameter sets are
L C Personality Weights and the Blue ISAACA Persondity Weights sets. The specific

parameters chosen for the LC and the subordinate ISAACA’ s are: propendity to move
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toward dive blues (wl), propensity to move toward dive red (w2), propensity to move
toward injured blue (w3), propensity to move toward injured red (w4), and the propensity
to move toward the red god (w6). The LC parameters were varied while the subordinate
ISAACA persondity weights were kept at abase level. Then the subordinate parameters
were varied while the LC parameters were kept at abase level. Dueto the limitations
imposed by MHPCC, the L C parameters could not be varied smultaneoudy with the blue
subordinate ISAACAS. Thiswould have been more beneficia in the analyss of the
effects. Uang ISAAC, the parameters that are Sgnificant in effecting the number of blue
ISAACASsKilled areidentified. With the parametersidentified the question is then; could
an intuitive fed be gained for those sgnificant parameters and could they be related to
actual combat conditions? Findly for those parameters that unexpectedly were or were
not sgnificant; could the results be reasonably explained by current combat theories?

3. Mixed Parameter Set

Thisfind data set focuses on the elements that are sometimes referred to as
intangible e ements of war. Intangible dements, such as bond and friction, are explored
in this parameter set. The mission drive or the desire to reach the objective isaso
explored. In1SAAC, the mission drive can be expressed as the LC and subordinate
ISAACA'’s propendgity to move towards the god. These parameters are varied to learn
about the relationship between the LC and the subordinate ISAACAs mission drive. The
question explored is as follows. how does this desire to accomplish the mission effect the
number of casudties of war when the LC'sor ISAACA’s drive is aggressive or more

conservative?
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A find factor explored in this data st is the influence of increased information to
the LC. The LC sensor range alows the L C to sense the friendly and enemy stuation
around him. Theintent isto gain ingght on how thisinformation levd effectsthe
number of casudties. The sgnificant parameters are dso determined.

C. FACTORIAL DESIGNS

With the parameter sets chosen, an experimenta design was necessary to compare
the many variables. Factorid designs were chosen. Factorid designs work well when
experiments are performed to measure the effects of one or more variables on aresponse
[Ref 2]. The'effect” of afactor means the change in the response as the factor level
moves from the low leve to the high levdl. The*“responsg’ isthetimeto misson
completion or the number of Blue ISAACASsKkilled. Separating the variable comparisons
into main effects and interactionsis a convenient and powerful method of andysisin
cases where the interactions are small relative to main effects [Ref 2].

There are other compelling reasons why factoria designs seemed well suited for
the exploration of the ISAAC modd. Factorid desgns are effective in exploratory work
where the object is to determine quickly the effects of each of a number of factors. Also,
factorid desgns alow the testing of interactionsin al combinations [Ref 2].

1. 3" Design

For the exploratory analysis to be conducted in this work, a 3" factoria design
was sdlected as the most gppropriate. Using a 3" factoria design, one can examine a

nonlinear response surface. Throughout the many preliminary data runs, there seemed to
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be non-linear behaviors in many of the variablesin ISAAC. A 3" design dlowsthe
examination of quadratic curvature in the response.

a. MHPCC Statistical Design

The ISAAC program incorporated at MHPCC is designed to dlow five
parameters to be varied a atime. Therefore, thisled to a 3> design used in the four-
parameter sets. Therefore, five parameters or factors were varied a threelevels each. In
cases such as the command parameters, which consisted of only four parameters, the fifth
parameter was Smply a dummy variable left unchanged throughout the data runs.

b. Power Calculations

Two types of data are gathered in the multiple ISAAC runs. The dataare
the time to misson completion and the number of blue ISAACAskilled. In determining
which factors are Sgnificant, one needs to test the hypothesis of whether the differencein
effects are caused by chance variation or whether the differences are the result of red
differencesin effects [Ref 7]. The null hypothesisis usudly that the observed differences
arethe result of chance. The dternative hypothesisis that the differences are the result of
red differencesin effects.

There are two types of errorsthat can occur in hypothesistesting. The
erorsare caled atypel error and atype Il error [Ref 7]. A typel error isincurred when
the null hypothesisistrue, but rgected. The probability of atypel error can be
controlled by a user-specified sgnificance leve (a).

A type Il error occurs when the effects are different, but the null hypothesis

isnot rgected [Ref 7]. Thetypell error can be thought of as ameasure of how senditive
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the andysis is when the dternative hypothesisistrue. The probability of atypell error is
b. The power of atest isdefined as 1-b. The power of atest isthe probability of
correctly rgecting the null hypothess given that the dternative hypothesisistrue. For
fixed a, the probability of atype Il error can be decreased by increasing the number of
observations or sample runs. Power cdculations are done to determine the number of
samples needed to reduce the probability of atype Il error to an acceptable level.

In aset of unknown true means (M), where the response variables have a
variance (s 2), the power does not need to be determined separately for each different
configuration of the unknown true means. Power depends on the ny's and the s 2 only
through & m?/s 2 [Ref 2]. For afixed vue of &m?/s?, b decreases asthe sample size on
each treatment increases. Once the variance is estimated and the level of departure from
the null hypothesis the user wishes to be detected is specified (through & m?/s 2), the
sample Sze requirements can be determined. The detectable departure leve iscalled t
and isthe sengitivity level that the user wishesto st in the hypothesistest, wheret =
amé/s?,

Hand computations of b and sample sze determination can be difficult.
Therefore, S-Plus was used to construct a set of curves fromwhich b can beread. These
are called power curves where:

Power =1-b ©)
Using the curves displayed in Figure 7, it can be seen that to have a power of .9

and the ability to detect departures from the null hypothesis, number of blue ISAACAS
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killed, of .5to .75 requires a sample size of roughly 100. To achieve this power for

departures of 1 or more asample size of 50 issufficient. Appendix B containsthe S-Flus

code for the power caculations.
Power Curves
] ] ] | | | ] ]
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Figure7: Power Curvesfor a3° full factorial design used for sample size
determination. The changein the mean valuethat the user wantsto
detect (t) ison the x-axis. The number of sample data pointsison the Y-
axis. Thepower of the design can then be deter mined.

C. Replicate Runs

A 3° full factoriad design contains al 243 combinations of the factor levels.
The 243 combinations dllow usto estimate dl of theinteractions. However, when only

one data point is recorded for each of the possible combinations there are no degrees of
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freedom remaining for estimating the standard error. In the case of the four parameter
sets, an additiona set of replicate runs was performed with a different initid seed at the
dart. Each datapoint is an average of 100 runs with different initid starting seeds.

Using the average of the 100 runsis necessary o that the computationa capabilities of S-
Plus are not exceeded. Thisreplicate run dlows for the estimation of resduds, which are
used to check the necessary congtant variance and normality assumptions, which are
discussed in the following section. Therefore, with afull factorid design of 100
interations and a replicate run, the number of smulation runsfor the four parameters sets
equaled:

3°* 100* 2* 4 =194,400.

2. Fractional Factorial Design

The number of runs required in a 3" full factoria design increases geometricaly
asnincreases [Ref 2]. When nislarge, the required samples are very large. However,
the desired information can often be obtained by using only afraction of the full factorid
design [Ref 2]. A one-third fractiona design, 3°%, requires only eighty-one runs, one-
third of the 243. A fractiond design comes a the cost of confounding, i.e., confusing,
some of the high leve interactions with main effects and other interactions. Confounding
means the effects of the confounded interactions can not be estimated separately.
Therefore, afractiond design must be developed that does not confound the main effects

or interactions of interes.
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The intent was to compare the data from the full factorid design to the fractiond
factorid design and determineif the same conclusions would be reached. Thisisvdid if
high level interactions are negligible. 1na 3" experiment, each main effect hastwo
degrees of freedom (df), corresponding to the linear and quadratic effects. The two factor
interactions have four dfs, giving atota of 2rf+1 df' s [Ref 2]. Using the ISAAC modd,
the intent was to seeif the main effects and the first order, two term, interactions were the
most sgnificant in explaining the results. Thiswould alow the higher order interactions
to be discarded asnoise. Also, it would dlow a smplification of the model and make the
understanding of the parameters and interactions more intuitive to the user. The
amplification aso requires less processng.

Three fractiond design smulations were run for three of the parameter setsfor a
total number of runs of:

31 * 100 * 3 = 24,300.
With the main effects and first order interactions being most important, a fractiona
design was developed in which none of the main effects and the first order interactions
were confounded with eachother.

a. Resolution V Design

With the number of firgt order, two term, interactions increasing o
quickly, it was necessary to develop aresolution V design. A resolution V designisone
that does not confound main effects and two factor interactions with each other, but does
confound two factor interactions with three factor interactions and higher [Ref 2]. See

reference 2 for further details on generating a3>* fractiond design of resolution V.
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3. Desert Scenario Test Data Set

Once sgnificant parameters were identified, it remained to seeif these results
might generdize to other scenarios. A comparison data set was necessary. To cregte a
comparison data set, the urban scenario was modified with the remova of the terrain.
The four parameter sets were then run using the same factors a the same levels. The god
was to determine if acertain level of predictability could be attained based on the
sgnificant parameters in the urban scenario when compared to the Sgnificant parameters
in the open battlefied. Also, the intent was to determine if certain parameters tended to
be globaly significant or if they were scenario dependent. The results reflected some
interegting ingghts into which parameters were sgnificant throughout and which were
scenario dependent. See the chapter V Results.

D. NORMALITY ASSUMPTIONS

Severd different andyss techniques were utilized to explore the data obtained
from the four parameter sets. The techniquesincluded Analysis of Variance (ANOVA),
Yates Algorithm, Tukey’s method of multiple comparisons and Trellis and Design plots
utilizing pecid S-Plusfeatures. The response data, concerning blue ISAACASKkilled,
was aso examined to seeif it could befit to aknown digtribution. Specificdly, the
response data was fit to a Poisson distribution with reasonable success.

The mgority of the andys's techniques used in the study of ISAAC involve the
assumption of the data being gpproximately normaly didtributed. 1n al the data sets,
more than enough runs were conducted to invoke the Centra Limit Theorem by

averaging the 100 runs. The ANOVA procedures, in conjunction with Yates Algorithm,
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are based on the assumptions of normdity and congtant variance. Analysis techniques
using Tukey's method of multiple comparisons are aso based on the assumption of
normdity and congtant variance. Therefore, the data from the four different data sets
were explored to test if normality assumptions with constant variance could be justified.

1. Analysisof Variance

If it could be assumed that the model was adequate, and that the errors were
normaly and independently distributed with congtant variance, then by using the F-tests,
the effects of the parameters could be judged as sgnificant or not [Ref 2]. Using S-Plus
[Ref 13] to perform the statistical work, the ANOV A was carried out. However, as soon
as an andysis of the resduals was carried out for these data, it was immediately obvious
that the model considered above was not adequate. This can be seen in Figure 8 below.
Figure 8 isaplot of the resduds againg the fitted vaues of the variables diveB, diveR,
injrdB, injrdR and Rgod. The standard deviation increases as the fitted vaue of blue
ISAACASsKkilled (bkilled) increases. The resdud andysis suggests that the variance is a

linearly increasing function of bkilled [Ref 2].



Residuals vs. Fitted values for LC's Personality Weights
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Figure8: Resdualsvs. Fitted Valuesof thevariables. Thefunnel shaped
plot strongly suggeststhat the standard deviation increases asthe mean

value increases.

The resdud analys's suggests that, contrary to assumption, the varianceisa
function of the mean of the blue ISAACAskilled. This means that a suitable
transformation must be gpplied to the datato alow the use of the equa variance
assumptions. Sincethe ISAACAS are dther killed or not killed, the datais essentially
binomid in nature. Therefore, a suitable power transformation is the square root of the
response. Once the power transformation was gpplied and the diagnostic work
completed, it was obvious that the equa variance assumption was applicable to the data.

The resdud plots are displayed in Figures 9 and 10 and reflect the effectiveness of the

square root transformation.
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Residuals vs. Fitted Values of LC's Personality Weights
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Figure9: Residual vs. Fitted Values of the L C’s Personality Weights. The
data has been transformed using a squareroot power transformation.
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Residuals vs. Quantiles of Standard Normal for LC's Personality Weights
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Figure 10: Residual vs. Quantiles of a Standard Normal. The data has been
transformed using a square root power transformation.

A smilar transformation using the square root power transformation was
necessary for the Mixed Parameters set. The Command Area Parameter set and the Blue
ISAACA Persondity Weight Parameter set did not require transformation. After the
transformations were completed, the data behaved reasonably well when compared with
the norma digtribution with congtant variance and the appropriate assumptions could be
accepted and the analysi's continued.

2. Significant Parameters

Andyss of variance procedures are used very often for smultaneous F tests.
Thistype of ANOVA tests the null hypothesis, which sates that different levels of a

factor have no effect on the response varidble [Ref 2]. A null hypothesis such asthisis
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made for each factor in the anadysis. ANOVA revedsthat the levels of afactor have a
gatidicaly sgnificant impact on the vaue of aresponse, but this method does not show
which levels make a difference.

a. F-Test

We will use an F-test to seeif the measures of the trestment combinations
aredl thesame or not. Specificdly, we will test the null hypothesis (H,), dl of the
trestment combinations are the same, versus. the dternative hypothesis (Hy), dl of the
treatment combinations are not the same. The F-test determines ap-vaue. The p-vadue
has the following interpretation: the p-value is the probability of seeing data this or more
extremeif the null hypothesisistrue. If the p-vaueislessthen the Sgnificance levd, H,
isrgected. Otherwise, H, isnot rgjected [Ref 2].

b. Yates' Algorithm

The ANOVA tables generated by S-Plus provide information concerning
which variables are significant. However, the ANOVA tables do not break down which
levels of the variables are significant. In a3 factoria design it may be possible for the
linear effect, the quadratic effect or both to be significant. A means was necessary to
determinethis. Also, in many of the data sets it was not possible to count the higher
order interactions as noise since there appeared to be some significant interaction.
However, in many cases the higher order interactions were sgnificant with very small
sums of squares and many df’s. In dl the data sets, the five term interactions proved
indggnificant. However, in the four and three term interactions, it was suspected that that

only one or two df’ s were significant out of the sixteen df’ sfor four term interactions,
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and eight df’ sfor three term interactions. Using an dgorithm developed by F. Y ates, the
ANOVA table could be broken down into the linear and quadratic effects, and into to
angle df’ sfor the higher order interactions[Ref 2]. Yaes Algorithm was not avallable
in any of the available datistica packages. The dgorithm was therefore coded into
EXCEL for useinthisthess. Once Yates Algorithm was implemented usng EXCEL, it
was shown that the higher order interactions were in fact sgnificant in only avery few of
the higher order interactions. Using this information the assumption was made that the
higher order interactions were essentidly noise and the andysis focused on the main
effects and the first order interactions. This assumption greetly smplified an aready
complex modd by dlowing the Sgnificant parameters to be broken down into main
effects and first order interactions.

3. Tukey’sMethod

Sometimes a better understanding of the uncertainty associated with an estimate
of many meansis provided by a set of confidence intervas[Ref 2]. Theinformation
provided by a st of confidence intervadsincludes that given by sgnificance tests.

Tukey’ s procedure dlows us to smultaneoudy test dl pairwise means for sgnificant
differences with a specified overdl type | error rate. The S-Plus Satisticd software
package was Utilized to perform and display these calculations.

Tukey's method of multiple comparisons was used when exploring MOE 1 for
severd areas of ISAAC. These areasincluded LC's command areasize, LC sensor

range, bond and friction. Usng MOE 1 in comparing misson completion objectives,
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Tukey’s method provided insight into which parameters had a Sgnificant effect on the
time to misson completion.

E. FITTING THE RESPONSE TO A POISSON DISTRIBUTION

The number of blue ISAACASkilled can be seen asthe sum of severd nearly
independent binomid experiments. Each ISAACA has asmdl probability of getting
killed. Hence, it was thought that the number of blue ISAACAs killed might fit a Poisson
digtribution.

A random variable X is said to have a Poisson digtribution if the probability mass
function (pmf) of X is

P;1)=€e'l*/xt  forsomel >0,x=0,12... (6)

The rationde for using the Poisson digtribution is provided by the following proposition.
Suppose that X ~ b(x;n,p), thenasn® ¥ and p® Oinsuchaway tha np® | >0, then
X® p(x;1 ) [Ref 14]. According to this propogtion, in any binomia experiment in which
nislargeand p issmal, b(x;n,p) @p(x;! ) wherel =np. Asaruleof thumb, this
approximation can be accurately applied wherenislarge, pissmal and np 3 5 [Ref 14].

Using the S-Plus chi-square (c2) Goodness of Fit (GOF) procedures, the
digtribution of the number of Blue ISAACASKkilled is examined for aparticular levedl and
combination of parameters. The hypothesized distribution was the Poisson digtribution.
The chi-sguare GOF uses a one-sample test that examines the frequency distribution of n
observations (n = 100 here) grouped into k classes. Observed counts (G) in each classare
compared to expected counts (Ci) for the hypothesized didtribution (with the estmated

samplemean | = X) with test statistic ¢ [Ref 12].
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c?=8%4 (G -C)?/c (7
For some specified significance level a, the null hypothesisisrejected if ¢2 > n for which
p(c? > n) =a under H, [Ref 12]. Wheren isthea - level criticd value of ac? random
vaiable with k — 1 — 1 degrees of freedom.

F. TRELLISPLOTS

To display the multi-dimensona 1SAAC output data in an effective and
indghtful manor, the Trdlis plots provided by S-Plusare used. Trdlis arose from the
need to study complex interactions among many explanatory variables acting on a
response [Ref 12]. The mgor feature of Trdlis displays is the multi-panel conditioning
where each row and column conditions on a different varigble. This means of data
visudization enhances the analysis of the traditiona ANOVA table and Tukey’s method
by dlowing usto look smultaneoudy a more than three dimensons. The power of this

visudization will become reedily gpparent in the following section.
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V. RESULTS

“ War isthe realm of uncertainty; three quarters of the factors on which action in war is
based are wrapped in a fog of greater or lesser uncertainty....The commander must work
in a mediumwhich his eyes cannot see; which his best deductive powers cannot always
fathom; and which, because of constant changes, he can rarely become familiar.”

-Carl von Clausawitz

This chapter explains the results of the satistica methods applied to the four
parameter sets. Each measure of effectivenessis examined and the data explored to
determine the significant parameters. The data are presented usng ANOVA tables,
Yaes Algorithm and Tukey’s Smultaneous confidence intervals. The data are displayed
using Scatter plots, Trelis plots and Design plots. The intent isto provide insght into the
ISAAC parameters explored and relate them to the four questions discussed earlier.

A. TIME TO MISSION COMPLETION (MOE 1)

Time critica missons cause the LC to prioritize or dter the decisons being made
to incorporate the dement of timeinto the misson. Incorporating the eement of time
causes changesin thetactics. ISAAC was evauated, usng MOE 1, to determineif the
results were reasonable and could be related to combat Situations. There were four areas
of ISAAC explored usng MOE 1. They were patch type and command radius, bond,

friction and LC sensor range. The andlyss focused on two points. (1) wastherea
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satigtica differencein MOE 1 when varying the parameters, and (2) could the results be
considered reasonable?

1 Patch Type and Command Radius

The patch type and command radius were varied to explore the effects on MOE 1.
These parameters effect the Sze of the LC's command area, which effects the movement
guidance given to the subordinate ISAACAS. The patch type was varied from aone (a
3x3 command area block) to atwo (a 5x5 command area block). The command radius
was varied from a one (3x3 sub-blocks) to atwo (5x5 sub-blocks). Therefore with a
patch type of one and acommand radius of one there would be:

3(2r+1) x 3(2r+1) = 9 x 9 sub-block command area 8
The only personality parameter varied was the L C propensity to go towards the red goa
(w6). Therefore, the effects of Command Area sze could be compared with other w6
welights.

In Figure 11 below, each data point is the mean of ten interactive runswith
different initid seeds. The x-axisisthe number of blue ISAACAskilled and the y-axisis
the time for al three squadsto reach thered god. Thisisthe time to misson completion
(MOE 1). Thesmilar colors reflect the parameters having the same weight (w6) but
different command patch and command radius vaues. Referring to Figure 11, thereis
little difference in misson completion time between the command areas with the same

LC w6 weight.



LC COMMAND AREA VARYING PATCH TYPE AND COMMAND RADIUS

| Varying LC Plropensity to Move Tolward Red Goal, w6 |

A. Patch 1, Rad 2, w6 30
B. Patch 1, Rad 2, w6 25 |-
C. Patch 1, Rad 2, w6 20
D. Patch 1, Rad 2, w6 15
E. Patch 1, Rad 2, w6 10
F. Patch 1, Rad 1, w6 30
G. Patch 1, Rad 1, w6 25
H. Patch 1, Rad 1, w6 20
|. Patch 1, Rad 1, w6 15

J. Patch 1, Rad 1, w6 10
K. Patch 2, Rad 1, w6 30 ||~
L. Patch 2, Rad 1, w6 25

M. Patch 2, Rad 1, w6 20
N. Patch 2, Rad 1, w6 15
O. Patch 2, Rad 1, w6 10 |}~
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Blue ISAACAs Killed

Figure 11: Command Area Size. Varyingthe Patch Type and Command
Radiuswith different L C personality weight wé for a comparison of
mission completion times. No significant change in mission completion
times was noted with different command area sizes.

This can dso be seenin Table 1 beow using Tukey's method of smultaneous

confidence intervals. For each treatment pair mean, Table 1 provides an estimate of the

difference, an estimate of the standard error, and the lower and upper bonds for a 90%

confidence interva on the differencesin means. An agterisk indicates a Sgnificant
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difference. These are datidticaly significant comparisons and they correspond to pairs of
means that can be declared different by Tukey’s method.

The difference in misson completion time occurred when the LC persondity
weight wé was varied, but not when the command area Size was changed. For example,
there was no Statistica differencein A, F, or K but there was adtatistical differencein A

and E.

response variable: TIME
intervals excluding 0 are flagged by '****!

Estimate Std. Error Lower Bound Upper Bound

A-B -4.1 112 -391.0 383.0
A-C -90.3 112 -478.0 297.0
A-D -366.0 112 -753.0 21.5
A-E -805.0 112 -1190.0 -417.0 ****
A-F 9.2 112 -378.0 397.0
A-G -37.5 112 -425.0 350.0
A-H -168.0 112 -556.0 219.0
Al -283.0 112 -670.0 104.0
A-J -731.0 112 -1120.0 -344.0 ****
A-K 8.0 112 -379.0 395.0
AL -38.9 112 -426.0 348.0
A-M -52.0 112 -439.0 335.0
A-N -184.0 112 -572.0 203.0
A-O -796.0 112 -1180.0 -409.0 ****
B-C -86.2 112 -474.0 301.0
B-D -362.0 112 -749.0 25.6
B-E -801.0 112 -1190.0 -413.0 ****
B-F 13.3 112 -374.0 401.0
B-G -33.4 112 -421.0 354.0
B-H -164.0 112 -552.0 223.0
B- 1 -279.0 112 -666.0 108. 0
B-J -727.0 112 -1110.0 -340.0 ****
B- K 12.1 112 -375.0 399.0
B-L -34.8 112 -422.0 353.0
B-M -47.9 112 -435.0 339.0
B-N -180.0 112 -567.0 207.0
B-O -792.0 112 -1180.0 -405. 0 ****
CGD -276.0 112 -663.0 112. 0
GE -715.0 112 -1100.0 -327.0 ****
CGF 99.5 112 -288.0 487.0
GG 52.8 112 -335.0 440.0
CH -78.0 112 -465.0 309.0
Gl -193.0 112 -580.0 195.0
CGJ -641.0 112 -1030.0 -253.0 ****
GK 98.3 112 -289.0 486. 0
GL 51.4 112 -336.0 439.0
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K- M -60.0 112 -447.0 327.0
K-N -192.0 112 -580.0 195.0
K-O -804.0 112 -1190.0 -417.0 ****
L-M -13.1 112 -400.0 374.0
L-N -145.0 112 -533.0 242.0
L-O -757.0 112 -1140.0 -370.0 ****
MN -132.0 112 -520.0 255.0
MO -744.0 112 -1130.0 -357.0 ****
NO -612.0 112 -999.0 -225.0 ****

Tablel. Tukey’'s90% simultaneous confidenceintervalsfor command area data.
There are no differences among the command ar eas with the same w6 weighting.
The results did not alow for an adequate evauation of time to misson
completion. ISAAC sinability to reflect any changein time to mission completion for
differing commeand area Sze, makes it difficult to use this function in misson planning.
Thiswill be discussed further in the recommendation section.

2. Bond

The next area examined, usng MOE 1, was the bond that exists between the LC
and the subordinates. Bond isthe weight the individua subordinate ISAACA assignsin
the movement pendty function to staying closeto the LC. Examining Figure 12 and
Table 2, the bond that exists between the LC and the subordinates does not have any
ggnificant effect on the time to misson completion. In Figure 12, the bond is varied
from high to low (1.0 to 0.1) and there is no significant change in the time to misson
completion. The same variationsin bond are used in severd different LC w6 weights and
subordinate ISAACA w6 weights. The results were very smilar to those stated above.
Theinfluence of bond will be examined further in the following section using number of

blue ISAACAskilled (MOE 2).
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COMPARING EFFECTS OF BOND ON TIME TO MISSION COMPLETION

Local Comlmander's Red IGoal Propensi}y w6 30 with |?AACA'S Red (I;oal Propensit)i w6 45

A A.w7: 1.0
A B.w7: 0.8
A C.w7: 0.5
A D.w7: 0.3
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Blue ISAACAs Killed

Figure 12: A comparison of bond and its effects on timeto mission

completion. Thebond wasvaried and the time to misson completion was
plotted. No significant effect on mission completion time was noted.

The smilar results can dso0 be seen in Table 2 below. Using Tukey’s method of

smultaneous confidence intervals, there are no confidence intervals that appear to be

ggnificant. Similar analysis was done varying the LC and subordinate propendty to

move towards the red god, weight w6. However, in al cases explored the results are

damilar. In1SAAC, the bond that exists between the LC and his subordinatesis not

sgnificant in effecting the time to misson completion in any scenario. Bond done did
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not influence the battlefied in the urban scenario. In the next section, it will be shown
that bond aone had little effect on the battlefidd, but the bond:friction interaction

sgnificantly influenced the battlefidd.

90 % si nul taneous confidence intervals for specified
linear conbinations, by the Tukey nethod

response variable: TIME
intervals excluding 0 are flagged by '****!

Estimate Std. Error Lower Bound Upper Bound

A-B -1.7 18.5 58.0 54.6
A-C -15.9 18.5 -72.2 40. 4
A-D -25.8 18.5 -82.1 30.5
A-E -23.0 18.5 -79.3 33.3
B-C -14.2 18.5 -70.5 42.1
B-D -24.1 18.5 -80.4 32.2
B-E -21.3 18.5 -77.6 35.0
GD -9.9 18.5 -66.2 46. 4
CGE -7.1 18.5 -63. 4 49. 2
D-E 2.8 18.5 -53.5 59.1
D-F 10. 4 18.5 -45.9 66. 7

Table2. Tukey’'s90% simultaneous confidenceintervalson the effect of bond on
time to misson completion. Varying bond had no significant effect on timeto
mission completion.

3. Friction

Friction isthe ability of a subordinate ISAACA to ligentothe LC. The effect of
friction on the time to misson completion was aso explored. In Figure 13 below, the
friction level was varied from low to high (1.0 to 0.1) and the time to misson completion
was plotted. In the examplein Figure 13, the LC’s propensity to move toward the red
god (w6) was low (15) and the subordinate ISAACA’ s propensity to move toward the
red god (w6) was high (45). Therewas asgnificant differencein timeto misson

completion with thefriction leve & 0.5 and 0.3. Thisresult dso occurred in other
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Stuations where the LC’ s propensity to move toward the red goa was low (w6=15) and
the subordinate ISAACA’s propensity to move toward the red goa was somewhat higher
(w6=35or 45). Therewasno sgnificant differencein time to misson completion when
the w6 weightings of both the LC and the subordinate were close. This can aso be seen

in the Tukey's smultaneous confidence intervasin Table 3 below.

COMPARING EFFECTS OF FRICTION ON TIME TO MISSION COMPLETION
Localll Commander's RedIGoal Propensity w6 I:I.5 with ISAACA's Reld Goal Propensity WP 45

A A.w8: 1.0
A B.w8: 0.8
A C.w8: 0.5
700 — A D.w8: 0.3 | |

A E.w8: 0.1

c
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Blue ISAACAs Killed

Figure13: A comparison of friction on timeto misson completion.
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90 % si nul taneous confidence intervals for specified
Ii near conbinations, by the Tukey nethod

response variable: TIME
intervals excluding O are flagged by ' ****'

Estimate Std. Error Lower Bound Upper Bound

A-B 57.7 91.3 -174.0 289
A-C -92.0 91.3 -324.0 140
A-D 154.0 91.3 -77.2 386
A-E 90.1 91.3 -142.0 322
B-C -150.0 91.3 -381.0 82
B-D 96. 8 91.3 -135.0 329
B-E 32. 4 91.3 -199.0 264
CGD 246.0 91.3 14. 8 478 **FF*
CGE 182.0 91.3 -49.6 414
D-E -64.4 91.3 -296.0 167

Table3. Tukey’'s90% simultaneous confidenceintervalson the effect of friction
on timeto misson completion.

| believe the cases above where friction had a significant impact on the time to
mission completion are reasonable. When the subordinate ISAACA s dbility to ligen is
low, implying the friction leve to be high, the ISAACA no longer can usethe LC's
movement guidance. When this occurs, the ISAACA defaults to its own movement
propengty towards the red goa. When the subordinates ISAACA’ s movement propensity
ishigh, the time to misson completion is greatly effected. The subordinate ISAACA
departs from the LC mission intent or objective. This departure from the commanders
intent violates a fundamenta principle in command and control [Ref 10]. Thefriction
level ds0 has sgnificant effects on the number of blue ISAACASskilled, which will be

discussed in the following section.
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4, L ocal Commander Sensor Range

The LC's sensor range was the find area where andlysis using misson
completion time was conducted. The LC's sensor range was varied from 18to 6. The
subordinate ISAACA’ s sensor range was 8 throughout dl the smulation runs. The
purpose wasto seeif an increase in the LC’ s sensor range caused changes in the tactics or
maneuvering done by the LC, which affects the time to misson completion. Increasing
the LC’ s sensor range increases the amount of information available to the commander
concerning hisimmediate area. This information change greetly impactsthe LC's
movement penaty function and the gpplication of the LC user-specified persondity
weights. Based on Figure 14, it is apparent that with ahigh sensor range the misson
completion timeishigh. Asthe sensor range is decreased, the misson completion time
also decreased. Thisresult is consgtent in Smilar Smulations where the propendties to
move toward the red goal of both LC and subordinate ISAACAs are varied. Thiscan

a0 be seen in the Smultaneous confidence intervasin the Table 4 baow.
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COMPARING EFFECTS OF LC SENSOR RANGE LEVELS ON TIME TO MISSION COMPLETION
Local Colmmander'ised Goal Fropensity IW6 15 WithIISAACA's IRed Goal Propensity \IN6 35
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Figure 14: Comparing effects of L C sensor range on timeto mission
completion. Asthe L C sensor range isdecreased the timeto mission
completion is decreased.
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90 % si mul taneous confidence intervals for specified
linear conbinations, by the Tukey nethod

response variable: TIME
intervals excluding 0 are flagged by '****!

Estimate Std. Error Lower Bound Upper Bound

A-B 838.0 147 465.0 1210 ****
A-C 1120.0 147 749.0 1490 ****
A-D 1340.0 147 970.0 1720 ****
A-E  1400.0 147 1030.0 1780 *x**
B-C 284.0 147 -88.6 657
B-D 505.0 147 132.0 878 ****
B-E 566.0 147 193.0 939 ****
CGD 221.0 147 -152.0 594
CGE 282.0 147 -90.9 655
D-E 61. 2 147 -312.0 434

Table4. Tukey’'s90% simultaneous confidenceintervals. In almost all casesthe
L C sensor sgnificantly effected time to mission completion.

The results seem very intuitive in thiscase. Increasing the LC' sinformation
forces the LC to maneuver more to avoid red forces, which takesmoretime. Thisis
reflected in misson completion time. The rdationship between sensor range and misson
completion time appears nonlinear. This result directly reflects the decison-makers
dilemmawhen put in aStuaion with atime critical misson. Although the number of
blue ISAACASkilled will be discussed morein the following section, it is obvious from
the graph that an increased sensor range reduces kills. However, the high sensor range
dramaticdly increases the time to misson completion. Asthe sensor range is decreased
dightly, the number of killsincreases by one but the misson completion timeis more
than cut in half.

This leads one to wonder if an acceptable rate of advance can be found that ill

minimizeslosses. Recelving reinforcementsis not a capability currently in ISAAC.
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However, the red forces might receive reinforcements in the red world. The tactics used
change as mission priorities change. The LC maneuvers considerably more with greater
sensor range. 1SAAC dlows the decison-maker to explore these tactica options.
ISAAC provided limited ingght into completion of mission objectives using
MOE 1. This, in part, was due to the Satistica limitations of MHPCC. MHPCC did not
dlow the time to misson completion to be recorded when al three squads reached the
god. MHPCC, in this case, recorded the time the first blue ISAACA reached the red
god. It wasdifficult to perform the multiple runs necessary to fully explore the effects
on misson completion time. Also, without the benefit of multiple runs, it is difficult to
gain indght into the sometime complex interactions that can occur when dedling with
multiple variables. Despite this difficulty, there were areas that have promisein
providing insght into command and control. The LC sensor range and friction levels
provided some interesting areas that could be explored in follow-on research. These
aress simulate the user to play and replay scenariosin a“what if” type game, which is
the primary purpose of an exploratory tool like ISAAC.

B. BLUE ISAACASKILLED (MOE 2)

This measure dlowed the use of the full computationa cgpatiilities of the
MHPCC. Thefour parameter sets are explored using multiple runs, which were
conducted to explore the effects of the parameters on the number of blue ISAACAS
killed. The results were examined usng MOE 2 to determine the significant parameters,
and to identify trends. The results proved to be interesting, informative, and provided

ingght into the capatiilities of ISAAC.
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1. Command Parameters

The Command Area Parameters include the four persondity weightsin the
command area. The weights are apha, beta, deta, and gamma. They describe the
relaive degree of importance the LC places on the friendly and enemy ISAACA
information contained in each block of stes within the command area, see Command
Parameters section. The parameters are varied from 1.0 to - 1.0, in the factorid design
discussed previoudy, and the response is the number of blue ISAACAskilled. Table5is
the ANOVA table with the results of the multiple runs. It is apparent that in the full
factorid design the only sgnificant effect was the apha parameter. ThisistheLC's
relative degree of importance to the number of dive friendly ISAACAs minusdive
enemy ISAACAs when compared to the total number of friendly ISAACAs. The higher

order interactions dl proved to be inggnificant.

ANOVA for Conmand Paraneters in U ban Scenario

Df Sumof Sg Mean Sq F Val ue Pr(F)

alpha 4 5.2834 1.320843 6.560354 0.0000356

beta 4 0.8793 0.219828 1.091839 0. 3595805

delta 4 0. 8059 0.201483 1.000724 0.4064788

gamma 4 1.2332 0.308290 1.531214 0.1914590

al pha: beta 16 2. 4527 0.153294 0.761378 0.7301404

al pha: delta 16 3.9670 0.247936 1.231446 0.2380569

beta:delta 16 3.9767 0.248543 1.234463 0.2358099

al pha: gamma. 16 3.1038 0.193989 0.963501 0.4956480

bet a: gamma 16 1.1670 0.072938 0.362265 0.9897919

del ta: gamma 16 1.9484 0.121773 0.604822 0.8813196

al pha: beta:delta 64 12.8016 0.200024 0.993480 0.4939123

al pha: bet a: gamma. 64 6.2931 0.098329 0.488381 0.9997247

al pha: del ta: gamma 64  10.4731 0.163642 0.812775 0. 8494638

bet a: del t a: gamma 64 7.9808 0.124701 0.619362 0.9910275

al pha: bet a: del ta: gamma 256  33. 8161 0. 132094 0. 656084 0. 9999464
Resi dual s 625 125.8357 0.201337

Resi dual standard error: 0.4487061
Estimated effects are bal anced

Table5. ANOVA tablefor Command Area Parameters. The alpha parameter is
the only significant parameter.
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Since the higher order interactions are indgnificant the ANOVA is conducted
agan. Thistime, however, the higher order interactions are consdered noise and the F-
vaue and p-vaue of the main effects and first order interactions are recdculated. Once
again, the only sgnificant parameter is dpha.

ANOVA with main effects and first order interactions.

Df Sumof Sg Mean Sq F Val ue Pr(F)

al pha 4 5.2834 1.320843 7.615597 0.0000047

bet a 4 0.8793 0.219828 1.267462 0.2808916

delta 4 0. 8059 0.201483 1.161692 0.3261119

ganma 4 1.2332 0.308290 1.777512 0.1309963

al pha: bet a 16 2.4527 0.153294 0.883847 0.5882359

al pha:delta 16 3.9670 0.247936 1.429526 0.1196204

al pha: gamma 16 3.1038 0.193989 1.118482 0.3318395

beta: delta 16 3.9767 0.248543 1.433029 0.1180881

beta:gamma 16 1.1670 0.072938 0.420536 0.9777844

del ta:gamma 16 1.9484 0.121773 0. 702109 0. 7939706
Resi dual s 1137 197.2004 0.173439

Resi dual standard error: 0.4164604
Estimated effects are bal anced

Table6. ANOVA with main effectsand first order interactions. The higher order
interactions are assumed to be noise.

Since the above results are produced with only one replicate run in the factoria
design, it is necessary to get a better intuitive fed for theseresults. With only themain
effect sgnificant and no corresponding Sgnificant interaction terms, dphacan be
examined independently. Figure 15 isaDesign plot that reflects the impact of the main
effects on the number of blue ISAACAs killed.

Design plots are generated by S-Plus and are diagnogtic plots utilized to explore
the data The x-axisis represents the factors present in the data. The y-axis represents

the mean of blue ISAACASsKkilled. The plot reflects the affect each factor has on the
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number of blue ISAACAsKkilled. Each factor is digplayed with a breakdown of its
edimated effects at each level. A wesknessin the Design plot isthat it does not reflect
the affect of interactions between the factors. However, Design plots provide a clear
conciseinitid look at the data. Design plots are dso effectiveif the affect of the

interaction terms between factorsis small.

3 1T
™
wn
3 - 05T
5 0.5 1T
S oT
o 1T+
5 05T
c o 0 05T _
$ 94 05T v
QO o .
E oT 0.5 T 057
4+ 1=
0.5 - L
< ! !
(32
1 -
alpha beta delta gamma

Factors

Figure 15: Design plot reflecting the impact of main effects on blue ISAACAS
killed. The small mean range of blue |SAACAsKilled brings question to
the practical significance of alpha.

When considering the effect of dpha, it isimportant to note that the mean range

in blue ISAACAskilled isonly 3.43 —3.61. Alphahas a much grester influence on the
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results then the other parameters. However, this result is difficult to interpret as
practicaly sgnificant when the mean range of blue killed isonly .18.

The Command Area Parameters in the desert scenario, LCAMY .MHP, are dso
examined. The ANOVA tableisTable 7 bedlow. There are no sgnificant parametersin
the ANOVA. With no sgnificant parameters and a Design plot that reflects asmilar
smal range of blue ISAACAsKkilled (4.39 — 4.55), it is difficult to cometo any
conclusion in the desert scenario other than the command area parameters don't affect the

response.

ANOVA usi ng Desert scenario

Df Sum of Sq Mean Sq F Val ue Pr(F)

alpha 2 0.42936 0.2146802 0.962837 0.3861341

beta 2 0.88839 0.4441955 1.992210 0.1430214

delta 2 0.61297 0.3064830 1.374571 0.2587845

gamma 2  0.13084 0.0654177 0.293397 0.7465148

al pha:beta 4  1.56073 0.3901818 1.749959 0.1470946

al pha:delta 4  0.63288 0.1582203 0. 709616 0.5876980

beta:delta 4 0.48917 0.1222933 0.548484 0.7006314

al pha:gamma 4  0.67260 0.1681506 0. 754153 0.5581556

beta:gamma 4  0.51596 0.1289911 0.578523 0. 6790246

delta:gamma 4  0.40690 0.1017253 0.456237 0.7675767

al pha: beta:delta 8 1.88432 0.2355402 1.056394 0.4018191

al pha: beta: gamma 8  1.39774 0. 1747170 0. 783603 0. 6183455

al pha:delta:gamma 8  1.38276 0.1728451 0. 775208 0. 6255694

beta:delta:gamma 8  0.69859 0.0873233 0.391644 0.9221185

al pha: beta: del ta: gamma 16 4. 45070 0. 2781689 1. 247583 0. 2518848
Residual s 81 18.06026 0.2229662

Resi dual standard error: 0.472193
Estimated effects are bal anced

Table7. ANOVA from Desert scenario.

The sgnificance of dphain the urban scenario could imply that command
parameters are scenario dependent. Once again, this does not ad in finding a relevant

interpretation of apha, or the other three command area parameters. Also, the small
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variance in the number of blue ISAACASsKilled, in both scenarios, does not provide any
indght into the command parameters. It is difficult to gain an intuitive fed for these
parameters. The smal changein the blue ISAACASskilled leads one to the assumption
that these parameters do not significantly effect the results in the urban scenario or the
desert scenario. Knowing that parameters tend not to affect results means future
researchers can pay |less atention to them when ng the effects of other parameters.
Thisissue will be further addressed in the recommendation section.

2. L ocal Commander Personality Weights

There were five LC persondity weights varied in this parameter set. They were
the LC' s propengity to move toward diveB, diveR, injrdB, injrdR, and Rgod. The data
were run with one replicate (average of 100 runs for each factor combination), and then a
sguare root power transformation was performed on the response. Table 8 isthe
ANOVA tablefor the LC Persondity Weights.

The ANOVA table lists the five factors and the interaction terms that occur
between the five factors. The ANOVA table displays the sum of squares, mean sum of
sguares, F-vaue, and p-vaue as described in the methodology section. The p-vadue
indicates whether afactor or interaction term is sgnificant. In Table 8 and subsequent
ANOVA tables, the degrees of freedom (df) can be mideading. For the main factors, the
dfsaretwo. However, each data point isthe average of 100 runsfor that combination of

factors.
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ANOVA table for LC Personality Wights

Df Sumof Sqg Mean Sq F Value

aliveB 214.9169 107.

aliveR 177.6512 88.

injrdB 2.9229

i njrdR 0. 9368

Rgoal 24.1829 1

aliveB:aliveR 11. 4855
aliveB:injrdB 1.1687
aliveR injrdB 0. 2008

aliveB:injrdR
aliveR injrdR
injrdB:injrdR

al i veB: Rgoal

al i veR Rgoal

i nj rdB: Rgoal

i nj rdR Rgoal
aliveB:aliveR injrdB
aliveB:aliveRinjrdR
aliveB:injrdB:injrdR
aliveRinjrdB:injrdR

al i veB: al i veR Rgoal

al i veB: i nj rdB: Rgoal
aliveR injrdB: Rgoal
aliveB:injrdR Rgoal
aliveR injrdR Rgoal

i njrdB:injrdR Rgoal
aliveB:aliveR injrdB:injrdR 16
aliveB:aliveR injrdB: Rgoal 16
aliveB:aliveR injrdR Rgoal 16
aliveB:injrdB:injrdR Rgoal 16
aliveR injrdB:injrdR Rgoal 16
aliveB:aliveR injrdB:injrdR Rgoal 32
Resi dual s 243
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1538
3538
1541
0887

Table8. ANOVA tablefor LC Personality Weights.

OO0 O0O000000000000000PO0O00ONNOR

4584 18706.
8256 15462.
. 4615 254,
. 4684 81.
.0914 2104.
. 8714  499.
. 2922 50.
0502 8.
0672 11.
0976 17.
0105 1.
9431  164.
2365 1085.
0060 1.
1672 29.
0180 3.
0425 7.
0035 0.
0072 1.
7400  128.
0413 7.
0194 3.
0107 1.
1089 18.
0011 0.
0069 1.
0096 1.
0221 3.
0096 1.
0055 0.
. 0033 0.
. 0057

52
89
41
54
90
85
86
74
71
00
83
18
65
05
12
12
41

cjolooNoNoloNololoNoloNojoloNeoloNoloNoloNooloNoloNoNoloNe N

Pr(F)

. 0000000
. 0000000
. 0000000
. 0000000
. 0000000
. 0000000
. 0000000
. 0000013
. 0000000
. 0000000
. 1240452
. 0000000
. 0000000
. 3808284
. 0000000
. 0022175
. 0000000
. 7694956
. 2643771
. 0000000
. 0000000
. 0010793
. 0674759
. 0000000
. 9907232
. 2657148
. 0524339
. 0000021
. 0517436
. 4954186
. 9695300

Based on the ANOVA above, dl main effects and many of the higher order

interactions are Sgnificant. For the main effects, diveB and diveR have by far the

largest sum of squares. The LC movement propendty in regards to dive bluesand dive

reds accounts for approximately 80% of the total sum of squares. The other effects that

gtand out are Rgod, diveB:diveR interaction, and diveR:Rgod interaction. These LC

movement propendties aso have an influence on the battlefield.
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The sum sguares for the higher order interactions are very smal with many

degrees of freedom (dfs). This suggests that there may only be asmal number of the dfs

in the interaction terms that are actudly sgnificant. If this hypothessistrue, then

combined with the smal sum of squares when compared to the main effects itisa

reasonable assumption to consder the higher order interactions as inggnificant or noise.

In order to judtify this assumption, Yates Algorithm is used.

a. Yates' Algorithm

Yates Algorithm provides ameans of bresking down the dfsin the higher

order interactionsinto their linear and quadratic effects. Table9isan ANOVA table

usng Yaes Algorithm with the higher order interaction dfs separated into four df

groupings.

Transformed LC Personality Weights

a=aliveB b=aliveR c=injrdB  d=injrdR
L=Linear Term Q=Quadratic Term

ANOVA
a=aL+aQ
aL

aQ
b=bL+bQ
bL

bQ
c=cL+cQ
cL

cQ
d=dL+dQ
dL

dQ

e=elL+eQ

E=Rgoal

SS
214.91689
190.90728
24.009609
177.65119

177.0484
0.6027908
2.9229235
2.9216697
0.0012538
0.9368164
0.8379825
0.0988339
24.182897
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df
2

N P R NP MR RN R R

mean
square
107.45844
190.90728
24.009609
88.825596
177.0484
0.6027908
1.4614617
2.9216697
0.0012538
0.4684082
0.8379825
0.0988339
12.091448

Fo
18852.358
33492.505
4212.2121
15583.438
31061.123
105.75278

256.3968
512.57363
0.2199624
82.176873
147.01447
17.339273
2121.3067

Pr(F)
3.02E-267
2.51E-262
1.72E-155
2.87E-257
2.22E-258
7.927E-21
1.334E-60
8.563E-62

0.639489
5.49E-28
8.964E-27
4.345E-05
1.43E-154



eL

eQ

ab
axbL=ablLxL+abQxL
axbQ=abLxQ +abQxQ
ac
axcL=acLxL+acQxL
axcQ=acLxQ +acQxQ
ad
axdL=adLxL+adQxL
axdQ=adLxQ +adQxQ
ae
axelL=aelLxL+aeQxL
axeQ=aelLxQ + aeQxQ
bc
bxcL=bcLxL+bcQxL
bxcQ=bcLxQ + bcQxQ
bd
bxdL=bdLxL+bdQxL
bxdQ=bdLxQ + bdQxQ
be
bxeL=beLxL+beQxL

bxeQ="belLxQ" + "beQxQ"

cd
cxdL=cdLxL+cdQxL
cxdQ=cdLxQ+cdQxQ
ce
cxelL=celLxL+ceQxL
cxeQ=celLxQ + ceQxQ
de
dxeL=delLxL+deQxL
dxeQ=deLxQ +deQxQ
abc
abcLxLxL+abcQxLxL
abcLxQxL+abcQxQxL
abcLxLxQ+abcQxLxQ
abcLxQxQ+abcQxQxQ
abd
abdLxLxL+abdQxLxL
abdLxQxL+abdQxQxL
abdLxLxQ+abdQxLxQ
abdLxQxQ+abdQxQxQ
abe
abelLxLxL+abeQxLxL

24.078658
0.1042388
11.485496
0.0629873
11.422509
1.1687403
1.1586773

0.010063
0.2689615
0.2373959
0.0315656

3.772555
2.6664736
1.1060815

0.200765
0.1889223
0.0118427
0.3905604
0.2192351
0.1713252
24.945855
23.089753
1.8561016
0.0420031
1.249E-05
0.0419906
0.0241812
0.0207076
0.0034737
0.6689978

0.635564
0.0334338
0.1436045
0.0163181
0.1152438
0.0094693
0.0025734
0.3403876
0.2991629

0.003111
0.0092481
0.0288656
5.9202286
0.8207944
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24.078658
0.1042388

2.871374
0.0314937
5.7112543
0.2921851
0.5793386
0.0050315
0.0672404

0.118698
0.0157828
0.9431388
1.3332368
0.5530407
0.0501913
0.0944612
0.0059214
0.0976401
0.1096176
0.0856626
6.2364637
11.544877
0.9280508
0.0105008
6.247E-06
0.0209953
0.0060453
0.0103538
0.0017368
0.1672494

0.317782
0.0167169
0.0179506
0.0081591
0.0576219
0.0047346
0.0012867
0.0425485
0.1495814
0.0015555
0.0046241
0.0144328
0.7400286
0.4103972

4224.326
18.287512
503.74982
5.5252028
1001.9744
51.260538
101.63836
0.8827197
11.796556
20.824202
2.7689105
165.46294
233.90119
97.024692
8.8054841
16.572133
1.0388348

17.12984
19.231153
15.028527
1094.1164
2025.4169
162.81593
1.8422428

0.001096
3.6833896
1.0605804
1.8164519
0.3047089
29.342008
55.751226
2.9327909

3.149222
1.4314162
10.109101
0.8306379
0.2257331
7.4646406
26.242355
0.2728978
0.8112388
2.5320705
129.82958
71.999505

1.23E-155
2.732E-05
2.59E-116
0.0045019
4.29E-118
2.943E-31
8.399E-33
0.4149785
8.976E-09
4.494E-09
0.0647106
3.807E-68

2.31E-57
1.063E-31

1.18E-06
1.791E-07
0.3554329
2.166E-12
1.764E-08
7.021E-07
4.66E-154
2.89E-152
1.378E-45
0.1213727
0.9989046
0.0265517
0.3766713
0.1648025
0.7376193
6.527E-20
1.181E-20
0.0551359
0.0020694
0.2409779
6.064E-05
0.4370047
0.7980982
6.778E-09
4.799E-11
0.7614036
0.4455069
0.0815901
3.042E-83
2.782E-25



abelLxQxL+abeQxQxL
abelLxLxQ+abeQxLxQ
abelLxQxQ+abeQxQxQ
acd
acdLxLxL+acdQxLxL
acdLxQxL+acdQxQxL
acdLxLxQ+acdQxLxQ
acdLxQxQ+acdQxQxQ
ace
acelLxLxL+aceQxLxL
aceLxQxL+aceQxQxL
acelLxLxQ+aceQxLxQ
acelLxQxQ+aceQxQxQ
ade
adelLxLxL+adeQxLxL
adelLxQxL+adeQxQxL
adelLxLxQ+adeQxLxQ
adeLxQxQ+adeQxQxQ
bcd
bedLxLxL+bcdQxLxL
bcdLxQxL+bcdQxQxL
bcdLxLxQ+bcdQxLxQ
bcdLxQxQ+bcdQxQxQ
bce
bcelLxLxL+bceQxLxL
bcelLxQxL+bceQxQxL
bcelLxLxQ+bceQxLxQ
bcelLxQxQ+bceQxQxQ
bde
bdelLxLxL+bdeQxLxL
bdeLxQxL+bdeQxQxL
bdeLxLxQ+bdeQxLxQ
bdeLxQxQ+bdeQxQxQ
cde
cdeLxLxL+cdeQxLxL
cdeLxQxL+cdeQxQxL
cdeLxLxQ+cdeQxLxQ
cdelLxQxQ+cdeQxQxQ
abcd
LXLXLXL+QXLXLXL+LXQXLXL+QXQXLXL
LXLXQXL+QXLXQXL+LXxQXxQXL+QxQxQXL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ
LXLXQXQ+QXLXQXQ+LXQXxQXQ+QxQxQxQ

abce

4.3555729
0.0027088
0.7411526
0.0280145
0.0071686
0.0130435
0.0043745
0.0034278

0.330204
0.3201958
0.0034861
0.0059599
0.0005622
0.0853435

0.007881
0.0467057
0.0223709
0.0083859
0.0579725
0.0350339
0.0150201
0.0023812
0.0055373
0.1552012
0.1219907
0.0091076
0.0230791
0.0010238
0.8710079
0.6733549

0.017773
0.1661886
0.0136914
0.0091673
0.0007277
0.0013504
0.0016909
0.0053983
0.1106073
0.0388047
0.0230107
0.0239657

0.0248262
0.1537693
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2.1777865
0.0013544
0.3705763
0.0035018
0.0035843
0.0065218
0.0021873
0.0017139
0.0412755
0.1600979
0.001743
0.00298
0.0002811
0.0106679
0.0039405
0.0233528
0.0111854
0.004193
0.0072466
0.017517
0.00751
0.0011906
0.0027687
0.0194002
0.0609954
0.0045538
0.0115396
0.0005119
0.108876
0.3366775
0.0088865
0.0830943
0.0068457
0.0011459
0.0003639
0.0006752
0.0008455
0.0026992
0.006913
0.0097012
0.0057527
0.0059914

0.0062065
0.0096106

382.0678
0.2376112
65.013385
0.6143531
0.6288267
1.1441703
0.3837321
0.3006833
7.2413166
28.087353
0.3057967
0.5228011
0.0493154
1.8715689
0.6913199
4.0969903
1.9623579
0.7356076
1.2713272
3.0731522
1.3175495
0.2088749
0.4857319
3.4035352
10.700941
0.7989097
2.0244861
0.0898034
19.101051

59.06622
1.5590361
14.577948
1.2010017
0.2010375
0.0638351

0.118452
0.1483274
0.4735355
1.2127996
1.7019608
1.0092401
1.0511291

1.0888684
1.6860673

9.462E-76
0.7886922
2.425E-23
0.765503
0.5340825
0.3201977
0.681726
0.7405872
1.297E-08
1.062E-11
0.7368193
0.5935229
0.9518904
0.0650937
0.5018969
0.0177845
0.1427473
0.4802782
0.2590622
0.048078
0.2696968
0.8116423
0.6158428
0.0010007
3.516E-05
0.450997
0.1342831
0.9141412
3.393E-22
1.244E-21
0.2124352
1.049E-06
0.3026723
0.9904779
0.9381755
0.8883457
0.8622268
0.62337
0.2584258
0.1501823
0.4032771
0.3814633

0.3626121
0.0498454



LXLXLXL+QXLXLXL+LXQXLXL+QxQxLxL 0.1079404 4 0.0269851 4.7342296
LXLXQXL+QXLXQXL+LxQXQXL+QxQxQxL 0.002697 4 0.0006743 0.1182904
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ 0.0308487 4 0.0077122  1.3530128
LXLXQxQ+QXLXQXQ+LXQXQXQ+QXQxQxQ 0.0122832 4 0.0030708 0.5387363
abde 0.3538002 16 0.0221125 3.8793886
LXLXLXL+QXLXLXL+LXQXLXL+QXxQXLXL 0.1488045 4 0.0372011 6.5265118
LXLXQXL+QXLXQXL+LXxQxQXL+QxQxQxL 0.0672711 4 0.0168178 2.9504882
LXLXLXQ+QXLXLXQ+LXQXLXQ+QxQXLXQ 0.1360202 4 0.0340051 5.9658001
LXLXQXQ+QXLXQxXQ+LxQxQxQ+QxQxQxQ 0.0017044 4 0.0004261 0.0747544
acde 0.1540837 16  0.0096302 1.689514
LXLXLXL+QXLXLXL+LXQXLXL+QxQXLXL 0.047993 4 0.0119982  2.1049544
LXLXQXL+QXLXQXL+LXQXQXL+QXxQXQXL 0.0300523 4 0.0075131 1.3180828
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ 0.0389823 4 0.0097456  1.7097511
LXLXQXxQ+QXLXQxXxQ+LxQxQxQ+QxQxQxQ 0.0370561 4 0.009264 1.6252676
bcde 0.0887311 16 0.0055457 0.9729292
LXLXLXL+QXLXLXL+LXQXLXL+QXxQXLXL 0.0299683 4 0.0074921 1.3143971
LXLXQXL+QXLXQXL+LXQxQXL+QxQxQxL 0.0124363 4 0.0031091 0.5454497
LXLXLXQ+QXLXLXQ+LXQXLXQ+QxQXLxQ 0.0152088 4 0.0038022 0.6670517
LXLXQXQ+QXLXxQxXQ+LxQxQxQ+QxQxQxQ 0.0301191 4 0.0075298 1.3210129
abcde 0.1054229 32 0.0032945 0.5779762

Total Sum of Squares

Table9. Yates Algorithm of LC Personality Weights. In the higher order
interactionsthere arevery few significant degrees of freedom. Thiscombined
with the very small sum squaresfor the higher order interactionsallowsfor the
reasonable assumption that the higher order interactions can beinterpreted as
noise.

Yaes Algorithm supports the hypothesis that the higher order interactions
have little significance when compared to dl the effects. Therefore, the assumption is
judtified to consider the higher order interactions asnoise. Table 9 dso indicates that the
linear effects were much more sgnificant then the quadratic effectsin most cases. This
indicates thet this data set is more linear than nonlinear in its behavior. With the higher
order interactions taken as noise, the modd is sgnificantly smplified. Based on this,

Table 10 provides a much clearer picture concerning which LC parameters are

ggnificant. Based on the p-vaue and the sum squares, it is clear that the main effects of
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0.0010734
0.9759221
0.2509736
0.7074132
1.773E-06
5.275E-05
0.0208395
0.0001353
0.9898102
0.0491809
0.0808235

0.263801
0.1484292

0.168487
0.4870498
0.2651871
0.7025137
0.6154316
0.2627035
0.9677478
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diveB, diveR and Rgod are mogt significant. Also, the first order interactions
diveB:diveR and diveR:Rgod are sgnificant. The main effects and two term

interaction effects account for 97% of the tota sum of squares.

ANOVA table for LC Personality Wights
Main Effects and First order Interactions.

Df Sumof Sg Mean Sqg F Val ue Pr(F)
aliveB 2 214.9169 107.4584 4536.776 0.0000000
aliveR 2 177.6512 88.8256 3750.118 0. 0000000
injrdB 2 2.9229 1.4615 61.701 0.0000000
injrdR 2 0. 9368 0. 4684 19. 776 0. 0000000
Rgoal 2 24.1829 12.0914 510.488 0.0000000
aliveB:aliveR 4 11.4855 2.8714 121.226 0.0000000
aliveB:injrdB 4 1.1687 0. 2922 12.336 0. 0000000
aliveB:injrdR 4 0. 2690 0. 0672 2.839 0.0240434
al i veB: Rgoal 4 3.7726  0.9431  39.818 0. 0000000
aliveRinjrdB 4 0.2008 0.0502 2.119 0.0775436
aliveRinjrdR 4 0. 3906 0. 0976 4,122 0.0027362
al i veR Rgoal 4 24.9459  6.2365 263.297 0.0000000
injrdB:injrdR 4 0. 0420 0. 0105 0.443 0.7772752
i nj rdB: Rgoal 4 0. 0242 0. 0060 0. 255 0.9064343
i nj rdR Rgoal 4 0.6690 0.1672 7.061 0.0000163
Residual s 435 10.3034 0.0237

Table 10. ANOVA tablefor Command Personality Weights. The main effects and
first order interactions are displayed.

b. Fractional Design

The fractiond design, discussed earlier, is andyzed to determine if the
same results could be determined from a one-third fractiond design. Table 11isthe
ANOVA table of the 1/3 fractiond factorid desgn. The fractiond design requires only

81 factor combinations vice the 243 required in the full factoria design.

ANOVA 1/ 3 Fractional Design O LC Personality \Wights
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Df Sumof Sg Mean Sq F Val ue Pr(F)

aliveB 2 72.43916 36.21958 1236.890 0. 0000000
aliveR 2 59.46902 29. 73451 1015. 427 0. 0000000

injrdB 2 1.25195 0.62597 21.377 0.0000000

infjrdR 2 0.36909 0.18454 6.302 0.0025561

Rgoal 2 8.21572 4.10786 140.282 0.0000000
aliveB:aliveR 4 3.89678 0.97420 33.269 0.0000000
aliveB:injrdB 4 0.44046 0.11012 3. 760 0.0065923
aliveB:injrdR 4 0.09826 0.02457 0. 839 0.5033393
al i veB: Rgoal 4 1.23907 0.30977 10.578 0.0000003
aliveRinjrdB 4 0.18975 0.04744 1.620 0.1742188
aliveRinjrdR 4 0.12586 0.03146 1.074 0.3726572
al i veR Rgoal 4  8.84899 2.21225 75.548 0.0000000
injrdB:injrdR 4 0.11036 0.02759 0.942 0.4424284
i nj rdB: Rgoal 4 0.06822 0.01705 0.582 0. 6760085
i nj rdR Rgoal 4 0.33552 0.08388 2.864 0.0265504

Residual s 111  3.25039 0.02928

Table11. ANOVA tablefor the 1/3 fractional factorial design of the L C Personality
Weights.

It isreadily gpparent that, although there are some minor differencesin the
p-vaues, the same sgnificant effects gppear in the fractiond design. Looking at the p-
vaue and the sum squares, the sgnificant main effects are diveB, dive R, and Rgod.
The ggnificant firg order interaction terms are diveB:diveR and diveR:Rgod. These
ggnificant effects account for asmilarly large percentage of the totd sum of squares; as
in the full factorid design. The 1/3 fractiona design gresatly reduced the overadl number
of amulation runs.

C. Desert Scenario Data

The same gpproach is used in analyzing the desert scenario. The full
factorid ANOVA, Yates dgorithm, and finaly amain effect and first order interaction
ANOVA was completed. The andysis of the data lead to identicd basic conclusons as

the urban scenario data. Table 12 isthe ANOVA table of the desart scenario.
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ANOVA Desert Scenari o.
Main Effects and First Order Interactions.

Df Sumof Sqg Mean Sq F Val ue

aliveB 2 246.4881 123. 2441 2603.910
aliveR 2 279.2307 139. 6153 2949. 803

injrdB 2 4.3365 2.1682 45.811

injrdR 2 0.1949 0.0975 2. 059

Rgoal 2 74.7786 37.3893 789.964
aliveB:aliveR 4 14.9838 3.7459 79.145
aliveB:injrdB 4 1. 5337 0. 3834 8.101
aliveB:injrdR 4 0.3280 0.0820 1.732
al i veB: Rgoal 4 5.9804 1.4951  31.589
aliveRinjrdB 4 0.7399 0.1850 3. 908
aliveRinjrdR 4 0.6417 0.1604 3. 390
al i veR Rgoal 4  49.1231 12.2808 259.469
injrdB:.injrdR 4 0.0586 0.0146 0. 309
i nj rdB: Rgoal 4 0.0474  0.0119 0. 250
i nj rdR Rgoal 4 2.7018 0.6755 14.271

Residual s 435 20.5887 0.0473

Table12. ANOVA table of the desert scenario.
interactions are displayed.

Pr(F)
. 0000000
. 0000000
. 0000000
. 1287943
0000000
. 0000000
. 0000026
. 1417942
. 0000000
. 0039520
. 0095528
. 0000000
. 8717365
. 9093918
. 0000000

Themain effectsand first order

It is clear from the Table 12 that the same main effects and first order

interactions, diveB, diveR, Rgod, diveB:diveR, and adiveR:Rgod, conditute alarge

percentage of the tota sum of squares. Thisfinding could indicate that the parameters

have some global importancein ISAAC, and are not necessarily scenario dependent.

Thisfinding assgts in the underganding of ISAAC and the effect of some of the

persondity weights. The next section aids in an intuitive understanding to these

ggnificant parameters.

d. Local Commander Personality Significant Parameters

Three sgnificant data sets were chosen to display with Trdlisplots. The

response, blue ISAACASskilled, were displayed on the x-axis and a chosen parameter

was displayed on the y-axis. The data was conditioned on the three remaining

parameters. In each of the three data sets displayed, the least Significant parameter is

89



removed. This reduced the number of viewing panelsfrom 81t0 9. This process served
two purposes. Firg, it served to smply the plots to three frames vice twenty- seven for
easer readability. Second, it served to remove the parameter that did not have a bearing
on the results, which clarified the more sgnificant effects. Thistype of disolay alows

for clearer representation of these sgnificant main effects and interactions. The desert
scenario test data set is then overlaid on the Tréllis plots as a comparison. Figures 16, 17,
and 18 are Trdllis plots that display the urban scenario dataiin blue circles and the desert
scenario datain pink triangles.

In Figure 16, in each pand, the x-axisis the number of blue ISAACAskilled and
the y-axisis the most Sgnificant first parameter, diveB. In Figure 16, the parameter that
had the least Sgnificance in having an impact was removed, injrdR, and the blue
ISAACASKkilled are conditioned on three parameters. The columns condition on diveR,

the rows condition on injrdB, and the frames condition on Rgod.
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Figure 16: Trelisplot for the LC Personality Weights. Thebluecirclesare
the urban scenario data and the pink triangles arethe desert scenario
data. The columns condition on aliveR, rows condition on injrdB and
frames condition on Rgoal.

After examining the Trellis plots, the first noticeable result is that the urban
scenario and the desert scenario have very smilar data patterns. The urban scenario and
the desert scenario data are smilar in dope and spread. This Smilarity isindicated by the
bet fit line drawn in each of the data frames above. This best fit line dlows the user to
quickly assess any changein the data from frame to frame. Thissmilarity corresponds

to the sgnificant parameters identified in the ANOVA tables. The only difference



between the desert scenario and the urban scenario is that thereis no terrain in the desert
scenario. It appears the desert data has more kills then the urban scenario, on average, but
the generd relationships between the response and factors hold true.

| believe the reason for the higher average of blue ISAACAskilled isthe
effect of theterrain. Theterrain in the urban scenario has two main effects on the number
of Blue ISAACAsKkilled. Firg, the terrain provides a barrier to the firing range of the red
ISAACAS. It essentidly reduces the red firing capability. Second, the terrain in the
urban scenario forces more maneuvering by the blue ISAACAS. In thistype of urban
scenario, the increased maneuvering has the same generd result asin smilar combeat
environments by reducing the number of kills.

A few other standout effects are seen in the effects of the parameters
diveB, diveR, and Rgod. It is gpparent that when the dive blue ISAACA’s propensity
to attract toward other dive blue ISAACASsi s a the medium or high level, the number of
killsisreduced. The left to right decreasing dopes of the data indicates the reduced kills.
When the diveB parameter is negetive, propengty to repd from other dive blue
ISAACAS, the number of blue ISAACASskilled increases dramatically. Thisresult
indicates that thereis aneed for the LC to remain close to the squad or unit. Asin many
combat Stuations, unit cohesion increases fire power concentration effects, which
increases ahility to repe the enemy.

The diveR parameter (propendty to attract toward other dive red) also had
sgnificant results that corresponded to the ANOVA tablein Table 12. When the diveR

parameter is a itslowest negative value, the LC had a sirong propensity to repd from the
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other divered ISAACAs. This movement dramaticaly reduced the number of blue
ISAACAsKkilled. Asthe diveR parameter moved toward higher levels, the number of
blue ISAACAsKkilled increased. This result can be related to a L C needing a strong
propengity to move away from or avoid the enemy, thereby reducing lossesto his
subordinate ISAACAS.

The Rgod (propensity to move toward the red god) parameter dso
influenced the number of blue ISAACAsKkilled. This effect is gpparent in the Trellis
plots as number of blue ISAACAskilled increases as the Rgod leved increases. The
effect isnot as strong as diveB and dive R effects, and this corresponds to the ANOVA
tableresultsin Table 12. However, when the propensity to move toward thered god is
increased, the number of blue ISAACASskilled aso increased.

Interestingly, if the increased need to reach the objective is combined with
maneuvering or avoiding red ISAACAS, the losses can be limited. The interaction terms
veify thisfinding. The sgnificant interaction terms diveB:diveR and diveR:Rgod are
aso readily displayed. If the dliveB parameter is a the middle or high level and the
diveR parameter iskept at the low leve, the number of blue ISAACA losses are
minimized. Changing diveR to the middle or high levd whileincreasing the Rgod
propengty to the middle or high leve, definitely increases the number of blue ISAACAS
killed. Thisfinding supports the fundamenta purpose of ISAAC, to dlow the user to
explore the many possihilities of tactics.

The other main effects and interactions have impact aswell. Generdly, the

effects are not as overwheming, particularly the injured state effects. In ISAAC, when

94



an ISAACA trangtions from the dive to injured Sate, its sensor and movement capability
arereduced. Intheinjured sate, the ISAACA’simpact is reduced somewhat. The
effects produced by the injured ISAACASs are more subtle and difficult to discern in such
an exploratory gpproach. Thisfinding is confirmed in the ANOVA table where the sum
of squares of the injured terms and interactions are very smal when compared to the
other effects.

For the LC to minimize losses, the diveB leve should be high while the
diveR level and Rgod leve parameters are low. These levels correspond to unit
cohesion while maneuvering and maneuvering to avoid the enemy as much as possble.
The high diveB vaue dso alows for concentration of fire when red forces are
encountered. Although the LC continues to drive toward the objective, the drive does not
become the overriding deciding force. The results seem reasonable and reflect asmilar
guidance directed by the Marine Corpsin the training of its commanders [Ref 11].

3. Blue Subordinate | SAACA Personality Weights

The previous section andyzed the results of varying the LC persondity weights.
This section will examine the same five parameters as they relate to the subordinate
ISAACA persondities. Theweights are diveB, diveR, injrdB, injrdrR, and Rgod. The
data was a so run with one replicate and did not require any power transformation to
apply the normality assumptions necessary for the analysis.

Table 13 isthe ANOVA for the Blue ISAACA Parameter data set. In examining
the main effects and high order interactions using the p-vaues, the four term and five

term interactions are not Sgnificant & a significance leve of .05 or .1. These high order

95



interactions can be assumed as noise. However, in examining the p-vaues of the three
term interactions, the Stuation is Smilar to the previous one. Many of the interactions
gopear datigticaly sgnificant based on the their p-vadues. However, the sums of squares
of the three term interactions are very smadl when compared to the main effects and first
order interactions. So, dthough severd of the three term interactions gppear Sgnificant,
their corresponding smal sum of squaresindicated that a further breskdown in smaler

dfs groupsis necessary.

ANOVA tabl e for Blue | SAACA Personal ity Wi ghts.

Df Sumof Sqg Mean Sq F Val ue Pr(F)

aliveB 2 43.40954 21.70477 244.8672 0.0000000

aliveR 2 21.87185 10.93593 123.3761 0. 0000000

injrdB 2 0.39581 0.19790 2.2327 0.1094348

infjrdR 2 9.09885 4.54943 51.3254 0.0000000

Rgoal 2 1.73212 0.86606 9.7707 0.0000829

aliveB:aliveR 4 3.33926 0.83481 9.4181 0.0000004

aliveB:injrdB 4 0.34164 0.08541 0.9636 0.4281349

aliveRinjrdB 4 0.53604 0.13401 1.5119 0.1993006

aliveB:injrdR 4 0.25131 0.06283 0.7088 0.5866090

aliveRinjrdR 4 3.31957 0.82989 9.3626 0.0000005

injrdB:injrdR 4 0.50402 0.12600 1.4215 0.2273816

al i veB: Rgoal 4 6.61769 1.65442 18.6647 0.0000000

al i veR Rgoal 4 7.01598 1.75399 19.7881 0.0000000

i nj rdB: Rgoal 4  0.40633 0.10158 1.1460 0.3354920

i nj rdR Rgoal 4  2.22261 0.55565 6.2687 0.0000813

aliveB:aliveRinjrdB 8 0.45359 0.05670 0.6397 0.7439938

aliveB:aliveRinjrdR 8 1.17375 0.14672 1.6552 0.1100854

aliveB:injrdB:injrdR 8 0.19943 0.02493 0.2812 0.9717083

aliveRinjrdB:injrdR 8 0.26715 0.03339 0.3767 0.9323231

aliveB: aliveR Rgoal 8 1.50096 0.18762 2.1167 0.0349148

al i veB: i nj rdB: Rgoal 8 0.90938 0.11367 1.2824 0.2531689

al i veR i njrdB: Rgoal 8 0.76671 0.09584 1.0812 0.3768204

aliveB:injrdR Rgoal 8 1.51149 0.18894 2.1315 0.0335946

aliveR injrdR Rgoal 8 1.44087 0.18011 2.0319 0.0434300

i nj rdB: i njrdR Rgoal 8 1.01951 0.12744 1.4377 0.1813114

aliveB:aliveRinjrdB: injrdR 16 1.97597 0.12350 1.3933 0.1453162

aliveB:aliveR injrdB:Rgoal 16 1.29973 0.08123 0.9165 0.5508866

aliveB:aliveR injrdR Rgoal 16 1.77238 0.11077 1.2497 0.2311369

aliveB:injrdB:injrdR Rgoal 16 1.31112 0.08194 0.9245 0.5416891

aliveRinjrdB:injrdR Rgoal 16 1.33063 0.08316 0.9382 0.5260017

aliveB:aliveR injrdB:injrdR Rgoal 32 3.06920 0.09591 1.0821 0.3568790
Residual s 243 21.53926 0.08864

Table 13. ANOVA table of the Blue | SAACA Personality Weights.
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a. Yates' Algorithm

As conducted earlier, Yates Algorithm was implemented to justify the
assumption of using the three term interactions as noise. Inthe Table 14, it is clear that
the three term interactions have only a small number of dfs that appear Sgnificant. Also,
the three term interactions have asmall sum of squares when compared to the main
effects and first order interactions. The main effects and first order interactions represent

approximately 71% of the total sum of squares.

Blue ISAACA Personality Weights
a=aliveB  b=aliveR  c=injrdB d=injrdR  e=Rgoal

L=Linear term Q=Quadratic Term
Mean

ANOVA SS df Square Fo
a=alL+aQ 43.409539 2 21.70477  244.86428
aL 15.977789 1 15.977789 180.25484
aQ 27.43175 1 27.43175  309.47372
b=bL+bQ 21.871852 2 10.935926  123.37462
bL 16.565137 1 16.565137 186.88106
bQ 5.3067146 1 5.3067146 59.86817
c=cL+cQ 0.3958069 2 0.1979035 2.2326654
cL 0.3933964 1 0.3933964  4.4381358
cQ 0.0024106 1 0.0024106  0.0271951
d=dL+dQ 9.0988545 2 45494273 51.324766
dL 5.2417179 1 5.2417179 59.134904
dQ 3.8571366 1 3.8571366 43.514628
e=eL+eQ 1.7321218 2 0.8660609 9.7705425
eL 1.6814201 1 16814201 18.969089
eQ 0.0507017 1 0.0507017 0.5719956
ab 3.3392577 4 0.8348144 9.4180327
axbL=abLxL+abQxL 1.1367742 2 05683871 6.4123094
axbQ=abLxQ +abQxQ 2.2024835 2 11012417 12.423756
ac 0.3416375 4 0.0854094 0.9635535
axcL=acLxL+acQxL 0.0304858 2 0.0152429 0.171964
axcQ=acLxQ +acQxQ 0.3111517 2 0.1555759 1.7551429
ad 0.2513069 4 0.0628267 0.7087852

97

Pr(F)
5.762E-59
4.081E-31
3.115E-45
1.046E-37
6.119E-32
2.708E-13
0.1094377
0.0361701
0.8691525
2.552E-19
3.653E-13
2.608E-10
8.293E-05

1.96E-05
0.4501996
4.297E-07
0.0019327
7.291E-06
0.4281414
0.8421118

0.175067
0.5866148



axdL=adLxL+adQxL
axdQ=adLxQ +adQxQ
ae
axeL=aelLxL+aeQxL
axeQ=aelLxQ + aeQxQ
bc
bxcL=bcLxL+bcQxL
bxcQ=bcLxQ + bcQxQ
bd
bxdL=bdLxL+bdQxL
bxdQ=bdLxQ + bdQxQ
be
bxeL=belLxL+beQxL
bxeQ="beLxQ" + "beQxQ"
cd
cxdL=cdLxL+cdQxL
cxdQ=cdLxQ+cdQxQ
ce
cxeL=celLxL+ceQxL
cxeQ=ceLxQ + ceQxQ
de
dxeL=delLxL+deQxL
dxeQ=delLxQ +deQxQ
abc
abcLxLxL+abcQxLxL
abcLxQxL+abcQxQxL
abcLxLxQ+abcQxLxQ
abcLxQxQ+abcQxQxQ
abd
abdLxLxL+abdQxLxL
abdLxQxL+abdQxQxL
abdLxLxQ+abdQxLxQ
abdLxQxQ+abdQxQxQ
abe
abelLxLxL+abeQxLxL
abelLxQxL+abeQxQxL
abelLxLxQ+abeQxLxQ
abeLxQxQ+abeQxQxQ
acd
acdLxLxL+acdQxLxL
acdLxQxL+acdQxQxL
acdLxLxQ+acdQxLxQ
acdLxQxQ+acdQxQxQ
ace

0.2451901
0.0061168
6.6176916
6.4166258
0.2010658
0.5360444
0.1791384
0.3569059
3.3195681
0.2963237
3.0232444
7.0159752
6.3148404
0.7011348
0.5040184
0.2709382
0.2330803
0.4063282
0.3972108
0.0091174
2.2226053

1.618775
0.6038303

0.453588
0.0397053
0.3621451

0.002054
0.0496835
1.1737475
0.3772409
0.3083798
0.2265372
0.2615896
1.5009576

0.098979
0.8577051
0.1596781
0.3845954
0.1994315
0.0367429
0.0473256
0.0371952
0.0781679
0.9093763
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0.1225951
0.0030584
1.6544229
3.2083129
0.1005329
0.1340111
0.0895692

0.178453

0.829892
0.1481618
1.5116222
1.7539938
3.1574202
0.3505674
0.1260046
0.1354691
0.1165401

0.101582
0.1986054
0.0045587
0.5556513
0.8093875
0.3019152
0.0566985
0.0198526
0.1810726

0.001027
0.0248418
0.1467184
0.1886204
0.1541899
0.1132686
0.1307948
0.1876197
0.0494895
0.4288525
0.0798391
0.1922977
0.0249289
0.0183714
0.0236628
0.0185976
0.0390839

0.113672

1.383067
0.0345035
18.664518
36.194866
1.1341705

1.511858

1.010483

2.013233
9.3625002
1.6715008

17.0535
19.787836
35.620715
3.9549573
1.4215321
1.5283065
1.3147578
1.1460068
2.2405842
0.0514293
6.2686297
9.1311768
3.4060826
0.6396491
0.2239693
2.0427862
0.0115863
0.2802545
1.6552171

2.127938
1.7395072
1.2778498
1.4755733
2.1166482
0.5583201
4.8381378
0.9007114
2.1694234

0.281238

0.207259
0.2669538
0.2098105
0.4409288
1.2824011

0.2527753
0.9660897
2.156E-13
1.743E-14
0.3233857

0.199306
0.3655676
0.1357778
4.708E-07
0.1901185
1.174E-07
4.085E-14
2.714E-14
0.0204055
0.2273873
0.2189801
0.2704427
0.3354984
0.1085901
0.9498811
8.134E-05
0.0001501
0.0347626
0.7440004
0.7995045
0.1318878
0.9884811
0.7558353
0.1100907
0.1212964
0.1777864
0.2805013
0.2306889
0.0349171
0.5729017
0.0087012
0.4076325
0.1164512
0.9717093
0.8129527
0.7659327
0.8108845
0.6439523
0.2531771



acelLxLxL+aceQxLxL
acelLxQxL+aceQxQxL
acelLxLxQ+aceQxLxQ
aceLxQxQ+aceQxQxQ

ade

adelLxLxL+adeQxLxL
adelLxQxL+adeQxQxL
adelLxLxQ+adeQxLxQ
adelLxQxQ+adeQxQxQ

bcd

bedLxLxL+bcdQxLxL
bcdLxQxL+bcdQxQxL
becdLxLxQ+bcdQxLxQ
bedLxQxQ+bcdQxQxQ

bce

bcelLxLxL+bceQxLxL
bcelLxQxL+bceQxQxL
bcelLxLxQ+bceQxLxQ
bcelLxQxQ+bceQxQxQ

bde

bdeLxLxL+bdeQxLxL
bdeLxQxL+bdeQxQxL
bdeLxLxQ+bdeQxLxQ
bdeLxQxQ+bdeQxQxQ

cde

cdeLxLxL+cdeQxLxL
cdeLxQxL+cdeQxQxL
cdeLxLxQ+cdeQxLxQ
cdeLxQxQ+cdeQxQxQ

abcd
LXLXLXL+QXLXLXL+LXQXLXL+QxQxLXL
LXLXQXL+QXLXQXL+LXxQXQXL+QxQxQXL
LXLX LXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ
LXLXQxQ+QXLXxQxQ+LxQxQxQ+QxQxQxQ
abce
LXLXLXL+QXLXLXL+LXQXLXL+QxQXLXL
LXLXQXL+QXLXQXL+LXQXQXL+QxQxQXL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ
LXLxQxQ+QxXLxQxQ+LxQxQxQ+QxQxQxQ
abde
LXLXLXL+QXLXLXL+LXQXLXL+QxQxLXL
LXLXQXL+QXLXQXL+LXQXQXL+QXxQXQXL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ
LXLXQXxQ+QXLXQxQ+LxQxQxQ+QxQxQxQ

acde

0.6164994
0.0487133
0.0419648
0.2021988
1.5114907
0.2740101
0.8065473
0.2416405
0.1892927
0.2671472
0.2007543
0.0126231
0.0100119
0.0437579
0.7667119
0.4754366
0.1889986
0.0825302
0.0197464
1.4408735
0.0976236
1.1573945
0.1505932
0.0352622
1.0195053
0.4515981
0.380942
0.1686157
0.0183495
1.9759722
0.05198
0.4922206
0.5840697
0.847702
1.2997312
0.1915519
0.1439315
0.4265035
0.5377443
1.7723789
0.1776242
0.9662207
0.1807763
0.4477577
1.3111151
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0.3082497
0.0243567
0.0209824
0.1010994
0.1889363
0.1370051
0.4032737
0.1208203
0.0946463
0.0333934
0.1003771
0.0063115
0.0050059

0.021879

0.095839
0.2377183
0.0944993
0.0412651
0.0098732
0.1801092
0.0488118
0.5786972
0.0752966
0.0176311
0.1274382
0.2257991

0.190471
0.0843078
0.0091747
0.1234983

0.012995
0.1230552
0.1460174
0.2119255
0.0812332

0.047888
0.0359829
0.1066259
0.1344361
0.1107737
0.0444061
0.2415552
0.0451941
0.1119394
0.0819447

3.4775461
0.2747818
0.2367148
1.1405616

2.131502
1.5456347
45495676
1.3630446
1.0677611
0.3767306
1.1324136
0.0712043

0.056475
0.2468295

1.081216
2.6818401
1.0661025
0.4655358
0.1113856
2.0319177
0.5506749

6.528624

0.849465
0.1989069
1.4377049
2.5473722
2.1488155
0.9511264
0.1035057
1.3932566
0.1466041
1.3882576
1.6473085
2.3908562
0.9164395
0.5402526
0.4059439
1.2029091
1.5166526
1.2497031
0.5009708
2.7251262
0.5098609
1.2628545
0.9244663

0.0324288
0.7599736
0.7893981
0.3213445
0.0335968
0.2152649
0.0114879
0.2578298
0.3453847
0.9323254
0.3239491
0.9312911
0.9451025
0.7814695
0.3768296
0.0704628

0.345953
0.6283574
0.8946394
0.0434328
0.5772783
0.0017306
0.4289095
0.8197595
0.1813184
0.0803763
0.1188331

0.387739
0.9017106
0.1453245
0.9643752
0.2385858
0.1630272
0.0514506
0.5508993
0.7063061
0.8042889
0.3101701
0.1979063
0.2311476
0.7350496
0.0300655
0.7285365
0.2852385
0.5417019



LXLXLXL+QXLXLXL+LXQXLXL+QXQXLXL 0.9272078 4 0.231802  2.6150943 0.035915
LXLXQXL+QXLXQXL+Lx QXxQXL+QxQxQxL 0.0816346 4 0.0204087 0.230242 0.921238
LXLXLXQ+QXLXLXQ+LXQXLXQ+QxQXLxQ 0.0359045 4 0.0089761 0.1012651 0.9819508
LXLXQXQ+QXLxQxQ+LxQxQxQ+QxQxQxQ 0.2663681 4 0.066592  0.7512639 0.558013
bcde 1.3306334 16 0.0831646 0.9382286 0.5260146
LXLXLXL+QXLXLXL+LXQXLXL+QXQXLXL 0.0377298 4 0.0094324 0.1064129 0.980205
LXLXQXL+QXLXQXL+LXQXQXL+QxQxQxL 0.280817 4 0.0702042 0.7920154 0.5313344
LXLXLXQ+QXLXLXQ+LXQXLXQ+QxQXLxQ 0.161795 4 0.0404487 0.456326 0.7677321
LXLXQXQ+QXLxQXQ+LXx QxQxQ+QxQxQxQ 0.5389966 4 0.1347491 15201844 0.1968808
abcde 3.0692011 32 0.0959125 1.0820458 0.3568963

Total Sum of Squares 142.604

Table 14. Yates Algorithm for the Blue | SAACA Personality Weights.

The aove results dlow for the same reasonable assumptions earlier. The
main effects and first order interactions effects are andyzed and the higher order
interactions are assumed to be noise. Table 15 isthe ANOVA table of the main effects

and firg order interactions.

ANOVA for the Blue | SAACA Personal ity Wi ghts.
Main Effects and First Order Interactions.

Df Sumof Sqg Mean Sq F Val ue Pr(F)

aliveB 2 43.40954 21.70477 227.2826 0.0000000

aliveR 2 21.87185 10.93593 114.5161 0. 0000000

injrdB 2 0.39581 0.19790 2.0724 0.1271299

infjrdR 2 9.09885 4.54943 47.6396 0.0000000

Rgoal 2 1.73212 0. 86606 9. 0690 0.0001384

aliveB:aliveR 4 3.33926 0.83481 8.7418 0.0000009

aliveB:injrdB 4 0.34164 0.08541 0.8944 0.4671621

aliveB:injrdR 4 0.25131 0.06283 0.6579 0.6215769

al i veB: Rgoal 4 6.61769 1.65442 17.3244 0.0000000

aliveRinjrdB 4 0.53604 0.13401 1.4033 0.2319223

aliveRinjrdR 4 3.31957 0.82989 8.6903 0.0000009

al i veR Rgoal 4 7.01598 1.75399 18.3670 0.0000000

injrdB:injrdR 4 0.50402 0.12600 1.3195 0.2618223

i nj rdB: Rgoal 4 0.40633 0.10158 1.0637 0.3739994

i nj rdR Rgoal 4 2.22261 0.55565 5. 8185 0.0001437
Resi dual s 435 41.54112 0.09550

Table15. ANOVA Table of Blue| SAACA Personality Weights.
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The above results smplify the andyss somewhat. The two main effects
diveB and diveR are mogt sgnificant, asin the previous LC persondity results. These
two parameters account for 50% of the of the total sum squares. Another finding
utilizing Table 14, the quadratic effects have alarger influencein thisdataset. That is
the effects are more nonlinear. However, in the Blue ISAACA datatheinjrdR parameter
is much more sgnificant then in the LC Personality data set. The Rgod parameter is not
nearly as Sgnificant, which is smilar to the LC Persondity data s=t.

There are afew smilar results concerning the first order interactions as
well. ThediveB:diveR and diveR:Rgod interactions are sgnificant, asinthe LC
Persondity datacase. However, in this data set, the aliveB:Rgod and the diveR:injrdR
interactions are sgnificant aswell. Since these interaction terms have a sum of squares
nearly as large as the corresponding main effects, the main effects can not be interpreted
independently. The andysisis not clear asto whether the main effects or the interaction
terms have more significance. These results will be explored further in the Trelis plots.

b. Fractional Factorial Design

Once again the fractiona factoria design results are performed and
examined. Theintent wasto determine if Smilar results would be reached from adesign
that required 1/3 the number of smulation runs. Table 16 isthe ANOVA table of the
fractiond design. Theresults are very smilar to the full factorid desgn. Themain
effects diveB and diveR are most sgnificant. The main effect injrdR is dso Sgnificant
when compared to the other two main effects. It isimportant to remember that the total

sum of squaresin the fractiona design is much smdler then in the full factoria design.
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Theinteraction terms dso show diveB:Rgod, diveR:Rgod, and diveR:injrdR as having
the sgnificant effects. The fractiond design leads to Smilar concdlusons asthefull

factorid design.

ANOVA table for Blue | SAACA Personality Wi ghts
1/3 fractional Factorial Design

Df Sumof Sqg Mean Sq F Val ue Pr(F)

al i veB 2 15.37417 7.687084 75.02438 0. 0000000

aliveR 2 6. 68026 3.340128 32.59897 0. 0000000

injrdB 2 0.02082 0.010409 0.10159 0.9034846

injrdR 2 2.75421 1.377106 13.44028 0. 0000059

Rgoal 2 1.23151 0.615756 6.00966 0.0033259

aliveB:aliveR 4 0.93056 0.232641 2.27053 0.0660967

aliveB:injrdB 4 0.06681 0.016702 0.16301 0.9566467

aliveB:injrdR 4 0.52742 0.131855 1.28688 0.2795199

al i veB: Rgoal 4 1.25713 0.314284 3.06734 0.0193857

aliveRinjrdB 4 0.39148 0.097871 0.95520 0.4351543

aliveRinjrdR 4 1.17291 0.293228 2.86185 0.0266575

al i veR Rgoal 4 3.31496 0.828740 8.08834 0.0000092

injrdB:.injrdR 4 0.71487 0.178718 1.74425 0.1453241

i nj rdB: Rgoal 4 0.41861 0.104654 1.02140 0.3995389

i nj rdR Rgoal 4 0. 85613 0.214033 2.08892 0.0870026
Residuals 111 11.37319 0.102461

Table16. ANOVA tablefor Bluel SAACA Personality Weightsusing a 1/3
fractional factorial design. In comparison to the full factorial design, the
significant effects are the same.

C. Desert Scenario
The desert scenario is andyzed usng the same five parameters for the Blue
ISAACA Persondity Weights parameter set. The intent was to determine if the
ggnificant parameters may be globdly significant parameters rather than scenario
dependent parameters. The same anadysis procedure is utilized as previoudy. Thefull
factorid ANOVA table is examined and then andlyzed using Yaes Algorithm. The

outcome is nearly identica and therefore the assumption of discounting the higher order
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interactions gill held. The resulting ANOVA in Table 17 is comprised of main effects

and firs order interactions.

ANOVA table for the Desert Scenario
Main effects and First Order Interactions.

Df Sumof Sg Mean Sq F Val ue Pr(F)
aliveB 2 44.22198 22.11099 98.3684 0.0000000
aliveR 2 76.32491 38. 16245 169. 7788 0. 0000000
injrdB 2 1.67792 0.83896 3.7324 0.0247050
infjrdR 2 4.12654 2.06327 9.1792 0.0001246
Rgoal 2 28.58391 14.29196 63.5827 0.0000000
aliveB:aliveR 4 12.24900 3.06225 13.6235 0.0000000
aliveB:injrdB 4 1.65352 0.41338 1.8391 0.1203164
aliveB:injrdR 4 2.24789 0.56197 2.5001 0.0419718
al i veB: Rgoal 4 32.19237 8.04809 35.8047 0.0000000
aliveRinjrdB 4 2.57538 0.64384 2.8644 0.0230454
aliveRinjrdR 4 3.94242 0.98561 4.3848 0.0017405
al i veR Rgoal 4 18.95317 4.73829 21.0799 0.0000000
injrdB:injrdR 4 0.36736 0.09184 0.4086 0.8024856
i nj rdB: Rgoal 4 1.58787 0.39697 1.7660 0.1346505
i nj rdR Rgoal 4 2.01289 0.50322 2.2388 0.0640541

Residual s 435 97.77818 0.22478

Table17. ANOVA tablefor thedesert scenario. The main effectsand first order
interactions are displayed. Overall similar resultsasin the urban scenario. The
most significant change wasin the reduction of theinjrdR effect and theincrease
of the Rgoal effect.

The results of this ANOVA are somewhat interesting. The main effects
diveB and diveR are till the mogt Significant. Asin the urban scenario, the interaction

terms diveB:diveR, diveB:Rgod and diveR:Rgod are dso Sgnificant. Theinteresting

point is the shift from injrdR to Rgod having greater Sgnificance. 1t gppearsthat in the

no terrain environment the injured red ISAACASs do not influence the battlefield as much

asin an urban environment. It is possible thet, in ano terrain environment, the blue

ISAACAS can more readily maneuver to avoid the injured red ISAACAs. Witha
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reduced movement and sensor range, the injured red ISAACAS can not stay with the blue
forces when they maneuver. The notion of no terrain dso explains why the Rgoa
parameter increased in significance. There are no obstacles to block or restrict
movement, therefore, in the open battlefield, having a strong propendty to move toward
the god can more readily influence the battlefield. This hypothesswill be explored in
more detall in the Trelis plot results.

d. Significant Parameters and | nteractions

Asin the previous section, Trellis plots are used to represent the data from
both scenarios. Blue circles indicate the urban scenario and pink triangles indicate the
desert scenario. The x-axisis the number of blue ISAACAskilled and the y-axisisthe
most significant parameter, diveB. The datais then conditioned on three of the other
parameters and displayed in the three frames below. In Figure 17, the injrdB parameter is

consdered least Sgnificant and was removed.

104



BLUE SUBORDINATE ISAACA PERSONALITY WEIGHTS
10 25 40 55 7.0 85

aliveB

5

oO@o A A
07 o&mu an\lx?\ ) A A
-5 ©co @ Y

o®

10 25 40 55 7.0 85 10 25 40 55 70 85

Blue ISAACAs Killed

BLUE SUBORDINATE ISAACA PERSONALITY WEIGHTS
10 25 40 55 7.0 85

aliveB

Rgoal
injrdR
5 —
© camaAA
0] M
-5 00 A A
Rgoal
5 —

OG> O MMM

o e RS

v vy

10 25 40 55 7.0 85 10 25 40 55 70 85

Blue ISAACAs Killed

105



BLUE SUBORDINATE ISAACA PERSONALITY WEIGHTS
10 25 40 55 7.0 85

55
injrdR 10

5 —
0 —
5 —

5 —
0
5 7

aliveB

.
B R ey i

10 25 40 55 7.0 85 10 25 40 55 7.0 85
Blue ISAACAs Killed

Figure17: Trdlisplot of the Blue | SAACA Personality Weights. The blue
circlesaretheurban scenario data and the pink triangles are the desert
scenario data. The columns condition on aliveR, rows condition on
injrdB, and frames condition on Rgoal.

As previoudy noted, the desert scenario has more blue ISAACA average
losses then the urban scenario. The no terrain environment has a sgnificant influence on
that result, as discussed earlier. The generd dopes and spread of both data setsis smilar,
which corresponds to the results from the ANOV A tables. This amilarity indicates that
the data, in generd, is consstent with previous runs.

The mogt sgnificant main effects diveB and diveR results are gpparent in

figure 17 by the change in the number of blue ISAACAskilled as the parameter levels
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change. In the urban scenario, the diveB setting at the medium leve (0) provided the
best results. This result held throughout the data. The low setting (-5) was adight
propendgity to move away from other aive blue ISAACAS. It proved to be the worse
gtuation throughout. It isinteresting thet the high leve of diveB resulted in, on average,
more blue losses. The desert scenario data had different results. Here the high leve of
aiveB proved to be the most successful. The remova of terrain seemed to have an
impact on the diveB parameter. The result seemsto stress that athough force
concentration isimportant, it is not the overriding concern in an urban environment. The
desert scenario data reflected that a stronger propensity to move toward other adive blues
reduced losses. Force concentration has a greater effect in an open battlefield
environment.

The main effect diveR reflects the same results in both scenarios. Both
scenarios resulted in less blue losses when the diveR parameter is anegative parameter.
This result means that propensity to move away or avoid the enemy is more effective. To
amilitary thinker, this avoidance is interpreted as maneuver warfare. Avoiding the
frontal assault by maneuver is afundamenta concept of warfare. The Marine Corps
stresses the importance of maneuver warfare in the officer training commands [Ref 10].

The main effectsinjrdR and Rgod results are more subtle. Although
ggnificant, their impact is not as readily discernable. In the urban scenario, theinjrdR
parameter is more sgnificant then the Rgod parameter. This can be seen in the data by

comparing the corresponding rows. The blue losses are higher when injrdR is at itslow
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vaue. In the urban scenario, the injured red ISAACAS can gill have an impact. This
result is possible because the terrain rediricts the movement of the dive blue ISAACAS.

The Rgod parameter for the desert scenario is best examined in the
interaction case. Thisistheinteraction terms diveR:Rgod. The data reflects more
losses when Rgod is at the low level and lesslosseswhen Rgodl is at the high levd. The
data reflects the notion that if the diveR is at thelow level and Rgodl is at the high leve,
losses are minimized. In the desert scenario, avoiding the enemy while maintaining an
aggressive drive towards the god kept losses minima. This leads to the notion of
maneuver warfare and maintaining tempo on the bettlefield [Ref 10].

The Trellis plots support what is represented in the ANOVA tables. More
importantly, they dlow for the representation of the ISAACA datain aformthat is
readable and interpretable. The Trellis plots support the basic purpose of ISAAC to
explore the tactica possibilitiesin combat with afocus on the human cheracteristics.

4. Mixed Parameters

This data set conssted of mixed parameters. They are specificdly chosen to
examine the effects on the blue losses when the LC and subordinate ISAACA’s
propendgity to move toward the red god are varied. Also, the effects of bond and friction
areexamined. Thefina parameter isthe LC sensor range. The parameters are lcw6,
rgod, bond, friction, and Icsr. The parameter Icw6 isthe LC's propengity to move
toward thered god. Itiscdled lcw6 to digtinguish it from rgod, the subordinate's
propengty to move toward the red goa. The same analysis methodology is used asin the

previous section.
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Table 18 isthe ANOVA table for the full factorid design of the Mixed
Parameters. Once again, afew of the higher order interactions are listed as Sgnificant.
However, upon examining the sum of squares of the three, four and five term
interactions, they account for only 8% of the total sum of squares. Thisfinding indicates

that further andysisinto the higher order interactionsis necessary.

ANOVA table for the M xed Paraneter set

Df Sumof Sqg Mean Sq F Val ue Pr(F)

lcwe 2 49.99029 24.99515 3659. 827 0. 0000000

bond 2 0.09668 0.04834 7.078 0.0010285

frict 2 18.23681 9.11841 1335.131 0.0000000

r goal 2 0.16490 0.08245 12.072 0.0000100

| csr 2 9.43791 4.71896 690.957 0.0000000

lcwe: bond 4 0.82582 0.20646  30.230 0.0000000

lcwe: frict 4 1.37920 0.34480 50.486 0.0000000

bond: fri ct 4 0.31281 0.07820 11.451 0.0000000

| cw6: r goal 4  0.34327 0.08582 12.566 0.0000000

bond: r goal 4  0.15441 0.03860 5. 652 0.0002294

frict:rgoal 4 0.78903 0.19726 28.883 0.0000000

I cwe: | csr 4  4.54907 1.13727 166.521 0.0000000

bond: | csr 4 1.03565 0.25891 37.911 0.0000000

frict:lcsr 4  0.34319 0.08580 12.563 0.0000000

rgoal : | csr 4 0.21168 0.05292 7.749 0.0000068

| cw6: bond: fri ct 8 1.37043 0.17130 25.082 0.0000000

| cw6: bond: r goal 8 0.33635 0.04204 6. 156 0. 0000003

I cwe: frict:rgoal 8 0.25823 0.03228 4.726 0.0000211

bond: frict:rgoal 8 0.32750 0.04094 5. 994 0. 0000005

| cwe: bond: | csr 8 0.66936 0.08367 12.251 0.0000000

lcwe: frict:lcsr 8 0.67598 0.08450 12.372 0.0000000

bond: frict:lcsr 8 1.77084 0.22135 32.411 0.0000000

| cwe: rgoal : I csr 8 0.06765 0.00846 1.238 0.2773497

bond: rgoal : | csr 8 0.04745 0.00593 0. 868 0.5438077

frict:rgoal :Icsr 8 0.23648 0.02956 4.328 0. 0000679

| cwe: bond: frict:rgoal 16  0.38494 0.02406 3. 523 0.0000105

I cwe: bond: frict:lcsr 16  0.98725 0.06170 9. 035 0. 0000000

| cw6: bond:rgoal : 1 csr 16  0.16052 0.01003 1.469 0.1117989

lcwe: frict:rgoal:lcsr 16  0.15115 0.00945 1.383 0. 1503451

bond: frict:rgoal:lcsr 16 0.27325 0.01708 2.501 0.0014717

I cwe: bond: frict:rgoal:lcsr 32 0.21501 0.00672 0.984 0.4971522
Residual s 243  1.65959 0.00683

Table18. ANOVA tablefor the Mixed Parameters.
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a.

Yates' Algorithm

Yates Algorithm is performed as previoudy. Inthe Table 19, the

breakdown of the higher order interactions yields results as in the previous section.

There are only asmal number of dfsin each of the higher order interaction terms that are

listed as Sgnificant. Thisfact, combined with the fact that the sum of squares percentage

is negligible, leads to the assumption that was previoudy stated. The higher order

interaction effects will assumed to be noise and the ANOV A table reca cul ated.

Transformed Mixed Parameters

b=bond

L=Linear Term

a=lcw6

ANOVA

a=aL+aQ

aL

aQ

b=bL+bQ

bL

bQ

c=cL+cQ

cL

cQ

d=dL+dQ

dL

dQ

e=eL+eQ

eL

eQ

ab
axbL=abLxL+abQxL
axbQ=abLxQ +abQxQ
ac
axcL=acLxL+acQxL
axcQ=acLxQ +acQxQ

c=frict d=rgoal

Q=Quadratic Term

e=lcsr

SS

49.990293

42.67916
7.3111332
0.0966819
0.0698525
0.0268294
18.236812
14.341745
3.8950666
0.1648991
0.1269468
0.0379523
9.4379143
9.3148691
0.1230452
0.8258246
0.5438571
0.2819675
1.3791999
0.9876888
0.3915111
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df
2

1
1
2
1
1
2
1
1
2
1
1
2
1
1
4
2
2
4
2
2

mean
square
24.995146
42.67916
7.3111332
0.048341
0.0698525
0.0268294
9.118406
14.341745
3.8950666
0.0824496
0.1269468
0.0379523
4,7189572
9.3148691
0.1230452
0.2064561
0.2719286
0.1409837
0.3448
0.4938444
0.1957556

Fo
3659.6115
6248.7789
1070.4441
7.0777401
10.227305
3.9281754
1335.0521
2099.8163
570.28794
12.071678
18.586648
5.5567073
690.91613
1363.8168
18.015408

30.22784
39.813844
20.641837

50.48316
72.305182
28.661138

Pr(F)
3.94E-182
2.32E-175

5.21E-91
0.0010289
0.0015676
0.0486102
8.55E-132
1.45E-121
1.1E-65
1.004E-05
2.361E-05
0.0192039
5.47E-101
1.18E-101
3.12E-05
2.027E-20
1.106E-15
5.252E-09
6.803E-31
2.297E-25
6.672E-12



ad
axdL=adLxL+adQxL
axdQ=adLxQ +adQxQ
ae
axeL=aelxL+aeQxL
axeQ=aelLxQ + aeQxQ
bc
bxcL=bcLxL+bcQxL
bxcQ=bcLxQ + bcQxQ
bd
bxdL=bdLxL+bdQxL
bxdQ=bdLxQ + bdQxQ
be
bxeL=belLxL+beQxL

bxeQ="beLxQ" + "beQxQ"

cd
cxdL=cdLxL+cdQxL
cxdQ=cdLxQ+cdQxQ
ce
cxeL=celLxL+ceQxL
cxeQ=ceLxQ + ceQxQ
de
dxeL=delLxL+deQxL
dxeQ=delLxQ +deQxQ
abc
abcLxLxL+abcQxLxL
abcLxQxL+abcQxQxL
abcLxLxQ+abcQxLxQ
abcLxQxQ+abcQxQxQ
abd
abdLxLxL+abdQxLxL
abdLxQxL+abdQxQxL
abdLxLxQ+abdQxLxQ
abdLxQxQ+abdQxQxQ
abe
abelLxLxL+abeQxLxL
abelLxQxL+abeQxQxL
abelLxLxQ+abeQxLxQ
abelLxQxQ+abeQxQxQ
acd
acdLxLxL+acdQxLxL
acdLxQxL+acdQxQxL
acdLxLxQ+acdQxLxQ
acdLxQxQ+acdQxQxQ

0.3432731
0.328052
0.0152211
4.5490743
4.4962233
0.0528511
0.3128112
0.2631549
0.0496563
0.1544051
0.1020984
0.0523067
1.0356542
1.0010166
0.0346375
0.7890263
0.773778
0.0152484
0.3431939
0.313555
0.029639
0.2116789
0.205415
0.0062639
1.3704269
0.829453
0.1651874
0.2705904
0.1051962
0.3363461
0.1929016
0.0104938
0.0851946
0.0477561
0.6693646
0.486552
0.1541113
0.0176307
0.0110706
0.2582265
0.1075
0.0038342
0.1029145
0.0439777
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0.0858183
0.164026
0.0076106
1.1372686
2.2481116
0.0264255
0.0782028
0.1315774
0.0248281
0.0386013
0.0510492
0.0261533
0.2589135
0.5005083
0.0173188
0.1972566
0.386889
0.0076242
0.0857985
0.1567775
0.0148195
0.0529197
0.1027075
0.003132
0.1713034
0.4147265
0.0825937
0.1352952
0.0525981
0.0420433
0.0964508
0.0052469
0.0425973
0.023878
0.0836706
0.243276
0.0770556
0.0088154
0.0055353
0.0322783
0.05375
0.0019171
0.0514573
0.0219889

12.564902
24.01552
1.1142841
166.51077
329.15251
3.8690377
11.449896
19.264632
3.63516
5.6517245
7.4742632
3.8291858
37.908278
73.280867
2.5356893
28.880906
56.645531
1.1162803
12.562003
22.954243
2.1697621
7.7481298
15.0377
0.4585596
25.08102
60.7213
12.09278
19.808962
7.7010365
6.1556761
14.121643
0.7682134
6.2367952
3.4960527
12.25045
35.618743
11.281938
1.2906823
0.8104386
4.72596
7.8696915
0.280688
7.5340066
3.219454

2.624E-09
3.038E-10
0.3298209
2.175E-68
6.827E-70
0.0221767
1.569E-08
1.714E-08
0.0278244
0.0002295
0.0007078
0.0230501
1.236E-24
1.248E-25
0.0813014
1.205E-19

6.41E-21
0.3291691
2.636E-09
7.392E-10
0.1164124
6.831E-06
6.964E-07
0.6327395
5.151E-28
4.104E-22
9.849E-06
1.073E-08
0.0005717
3.111E-07
1.578E-06
0.4649642
0.0022836
0.0318506
1.047E-14
2.718E-14
2.064E-05

0.276962
0.4458612
2.107E-05
0.0004879
0.7555085
0.0006691
0.0416881



ace
acelLxLxL+aceQxLxL
acelLxQxL+aceQxQxL
acelLxLxQ+aceQxLxQ
aceLxQxQ+aceQxQxQ

ade

adelLxLxL+adeQxLxL
adeLxQxL+adeQxQxL
adelLxLxQ+adeQxLxQ
adelLxQxQ+adeQxQxQ

bcd

bedLxLxL+bcdQxLxL
becdLxQxL+bcdQxQxL
bedLxLxQ+bcdQxLxQ
bcdLxQxQ+bcdQxQxQ

bce

bcelLxLxL+bceQxLxL
bcelLxQxL+bceQxQxL
bcelLxLxQ+bceQxLxQ
bcelLxQxQ+bceQxQxQ

bde

bdeLxLxL+bdeQxLxL
bdeLxQxL+bdeQxQxL
bdelLxLxQ+bdeQxLxQ
bdeLxQxQ+bdeQxQxQ

cde

cdelLxLxL+cdeQxLxL
cdeLxQxL+cdeQxQxL
cdeLxLxQ+cdeQxLxQ
cdeLxQxQ+cdeQxQxQ

abcd
LXLXLXL+QXLXLXL+LXQXLXL+QxQXLXL
LXLXQXL+QXLXQXL+LXQXQXL+QXQxQXL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXxQXLXQ
LXLXQXQ+QXLXQXQ+LXQXQXQ+QxQxQxQ
abce
LXLXLXL+QXLXLXL+LXQXLXL+QxQxLXL
LXLXQXL+QXLXQXL+LXxQxQXL+QxQxQxL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLxQ
LXLXQXQ+QXLXQXQ+LXQXQXQ+QxQxQxQ
abde
LXLXLXL+QXLXLXL+LXQXLXL+QxQXLXL
LXLXQXL+QXLXQXL+LXxQXQXL+QxQxQxL
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ
LXLXQxQ+QXLxQxQ+LxQxQxQ+QxQxQxQ

0.6759786
0.5010176
0.1560349
0.0159185
0.0030076
0.0676464
0.0506221
0.0135111
0.0006672
0.0028461
0.3275037
0.1876828
0.0450799
0.0381551
0.0565858
1.7708368

1.354672
0.3795553
0.0340596
0.0025498
0.0474454
0.0356032
0.0037799
0.0064795
0.0015828

0.236478
0.2018648
0.0120867
0.0045184

0.018008
0.3849396
0.1514207
0.1158951
0.0781622
0.0394616
0.9872496
0.6044465
0.3564056
0.0141681

0.0122294
0.1605216
0.0436587
0.0602328
0.0279782
0.0286518
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0.0844973
0.2505088
0.0780174
0.0079592
0.0015038
0.0084558
0.0253111
0.0067555
0.0003336
0.0014231
0.040938
0.0938414
0.02254
0.0190776
0.0282929
0.2213546
0.677336
0.1897777
0.0170298
0.0012749
0.0059307
0.0178016
0.00189
0.0032398
0.0007914
0.0295598
0.1009324
0.0060434
0.0022592
0.009004
0.0240587
0.0378552
0.0289738
0.0195406
0.0098654
0.0617031
0.1511116
0.0891014
0.003542

0.0030574
0.0100326
0.0109147
0.0150582
0.0069945

0.007163

12.371496
36.677719
11.422757
1.1653359
0.2201736
1.2380389
3.7058644
0.9890962
0.0488417
0.2083534
5.9938445
13.739588

3.300142
2.7931995
4.1424481
32.409165
99.170721
27.785895
2.4933805
0.1866644
0.8683271
2.6063813
0.2767136
0.4743439
0.1158695
4.3279283
14.777807
0.8848258
0.3307773
1.3183029
3.5225075

5.542485
4.2421348
2.8609886
1.4444216
9.0341289
22.124688
13.045593
0.5185979

0.4476372
1.4689018
1.59805
2.204716
1.0240922
1.0487489

7.569E-15
1.202E-14
1.814E-05
0.3135543
0.8025394
0.2773908
0.0259789
0.3734049
0.9523413
0.812065
5.009E-07
2.223E-06
0.0385377
0.0631921
0.0170195
2.149E-34
3.244E-32
1.357E-11
0.0847422
0.829841
0.5438513
0.0758635
0.7585103
0.6228682
0.8906406
6.796E-05
8.777E-07
0.4141117
0.7186881
0.2694959
1.051E-05
0.0002758
0.00245
0.0241135
0.2199564
2.526E-17
1.37E-15
1.222E-09
0.7221385

0.7740725
0.1118331
0.1754597
0.0691054
0.3954353
0.3826777



acde 0.1511474 16 0.0094467  1.3831202
LXLXLXL+QXLX LXL+LXQXLXL+QxQXLXL 0.0623972 4 0.0155993 2.2839398
LXLXQXL+QXLXQXL+LXQXQXL+QXQxQXL 0.0720259 4 0.0180065 2.6363807
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ 0.005424 4 0.001356  0.1985356
LXLXQXQ+QXLXQXQ+LxQxQxQ+QxQxQxQ 0.0113002 4 0.0028251 0.4136249
bcde 0.2732497 16 0.0170781 2.5004549
LXLXLXL+QXLXLXL+LXQXLXL+QxQxXLXL 0.0842741 4 0.0210685 3.0847051
LXLXQXL+QXLXQXL+LXQXQXL+QxQxQxL 0.0927336 4 0.0231834 3.394348
LXLXLXQ+QXLXLXQ+LXQXLXQ+QXQXLXQ 0.044437 4 0.0111092 1.6265362
LXLXQxQ+QXLxQxQ+LxQxQxQ+QxQxQxQ 0.048893 4 0.0122233 1.7896426
abcde 0.2150115 32 0.0067191 0.9837641

Table19. ANOVA tablefor Mixed Parametersutilizing Yates Algorithm.

ANOVA table for M xed Paraneters.
Main Effects and First Order Interactions.

Df Sumof Sg Mean Sq F Val ue Pr(F)

lcwe 2 49.99029 24.99515 1133.541 0. 0000000

bond 2 0.09668 0.04834 2.192 0.1128935

frict 2 18.23681 9.11841 413.524 0.0000000

r goal 2 0.16490 0.08245 3. 739 0.0245425

| csr 2 9.43791 4.71896 214.007 0.0000000

| cwe: bond 4 0. 82582 0.20646 9. 363 0. 0000003

lcwe: frict 4 1.37920 0.34480 15.637 0.0000000

| cwe: r goal 4 0.34327 0.08582 3.892 0.0040626

| cwe: | csr 4 4.54907 1.13727 51. 576 0. 0000000

bond: fri ct 4 0.31281 0.07820 3.547 0.0073216

bond: r goal 4 0. 15441 0.03860 1.751 0.1378827

bond: | csr 4 1. 03565 0.25891 11. 742 0. 0000000

frict:rgoal 4 0.78903 0.19726 8.946 0. 0000006

frict:lcsr 4  0.34319 0.08580 3.891 0.0040688

rgoal : | csr 4 0.21168 0.05292 2. 400 0.0493969
Resi dual s 435 9.59196 0.02205

Table20. ANOVA tablefor Mixed Parameters. The main effectsand first order
interactions are displayed.

With the assumption that higher order interactions can be interpreted as
noise, the ANOVA in Table 20 reflects the main effects and the first order interactions.
Based on the reaults above, the main effects; lew®, frict, and lcsr account for

approximately 90% of the total sum of squares. Theinteraction term lcw6:lcs dso
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0.9389698
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0.0014727
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0.0100481
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0.4972397
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seemed to have some bearing on the results. The significance of the main effect, the
LC' s propengity to move toward the red god (Icw6) supports the results found earlier in
the LC Persondity Weight data set. Also, the subordinate ISAACA'’ s propendty to move
toward the red god (rgoal) support the results found in the Blue ISAACA Persondity
Weights data set. Thisresult isthat the LCs propensity to move toward the god is much
more significant than the subordinate propensity to move toward thered god. The lcw6
and the lcy effects seem to reflect an importance of the LC having the ability to sensethe
loca environment. The friction level seemed to heavily influence the blue losses as well.
These parameters will be discussed more in the significant parameters section.
b. Fractional Factorial Design

A one-third fractiond factorid design is conducted with this data set as
well. The ANOVA in Table 21 reflects the results of the fractiond design. Again,
gmilar conclusons are drawn from the fractional design asin the full factoria design.
The main effects lcw6, frict, and Ics are the most Sgnificant. Theinteraction term

low6:lcsr can be conddered influentid aswdll.

ANOVA tabl e for the M xed Paraneters.
1/3 Fractional Factorial Design
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Df Sumof Sg Mean Sq F Val ue Pr(F)

lcwe 2 15.48003 7.740017 310.6631 0. 0000000

bond 2 0.02462 0.012309 0.4940 0.6114890

frict 2 6.71150 3.355751 134.6907 0.0000000

r goal 2 0.18914 0.094570 3.7958 0.0254358

| csr 2 3.04096 1.520481 61.0280 0.0000000

lcwe:bond 4  0.11288 0.028220  1.1327 0.3448893

I cwe: frict 4  0.62055 0.155138 6.2268 0.0001474

| cw6: r goal 4  0.52032 0.130079 5.2210 0.0006846

| cwe: | csr 4 1.81943 0.454857 18.2567 0.0000000

bond: fri ct 4 0.14181 0.035453 1.4230 0.2310483

bond: r goal 4 0.03175 0.007938 0.3186 0.8650009

bond: | csr 4  0.51537 0.128841 5.1713 0.0007390

frict:rgoal 4 0.43102 0.107756  4.3250 0.0027379

frict:lcsr 4 0.12883 0.032209 1.2928 0.2772508

rgoal : | csr 4 0.16281 0.040703 1.6337 0.1707869
Residual s 111  2.76551 0.024915

Table21. ANOVA tablefor the Mixed Parametersusing a 1/3 fractional factorial
design.

C. Desert Scenario

The desart scenario is run using the same set of mixed parameters. The
same andysis procedures are gpplied and displayed in the resulting ANOVA in Table 22.
The reaults are very smilar to the urban scenario in regards to the lew, frict, and lcsr
ggnificance. Theinteraction term lcw6:lcsr isdso very sgnificant. The interesting
change concerned the increased significance of the main effect bond and the increased
sgnificance of the bond:frict interaction term. The dataimplies that in an open
battlefield, a subordinate ISAACA’ s propensity to stay close to the LC (bond), and the
subordinate s ability to listen to the LC (friction) have a greeter affect on the blue losses.

Thisresult will be discussed more in the next section.

ANOVA for the Desert Scenario
Main Effects and First Order Interactions.
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Df Sumof Sg Mean Sq F Val ue Pr(F)

lcwe 2 71.41087 35.70544 948. 4457 0. 0000000

bond 2 5.38189 2.69095 71.4798 0.0000000

frict 2 22.80604 11.40302 302.8992 0.0000000

r goal 2 1.28031 0.64016 17.0045 0.0000001

| csr 2 21.71735 10. 85868 288. 4397 0. 0000000

lcwe:bond 4 0.82909 0.20727 5.5058 0.0002482

I cwe: frict 4 4,53656 1.13414 30.1263 0.0000000

| cwe: r goal 4 0.32843 0.08211 2.1811 0.0702486

I cwe: | csr 4 25.02346 6.25587 166.1750 0. 0000000

bond: fri ct 4 10.51774 2.62943 69. 8458 0. 0000000

bond: r goal 4 1.62026 0.40507 10.7598 0.0000000

bond: | csr 4 0.84080 0.21020 5.5836 0.0002167

frict:rgoal 4 1.15191 0.28798 7.6495 0. 0000058

frict:lcsr 4 0. 38557 0.09639 2.5605 0.0380311

rgoal : | csr 4 0.26218 0.06555 1.7411 0. 1399006
Residual s 435 16.37612 0.03765

Table22. ANOVA tablefor desert scenario with the Mixed Parameter set.

d. Significant Parameters and | nteractions

Below arethe Trellis plots of the data from the urban scenario and the
desert scenario. The x-axisisthe number of blue ISAACAskilled and the y-axisisthe
first parameter, lcow6. The datais then conditioned on three of the other parameters and

displayed in Figure 18.
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Figure 18: Trellisplotsof the Mixed Parametersfrom the urban scenario
data and the desert scenario data.

The desert scenario datais Smilar to previous results in that the average

number of blue lossesis greater than in the urban scenario data. The Sgnificance of the

main effects can be readily interpreted aswel. In generd, the data reflects that when

lcw6 is e the low level (15) the number of blue lossesis kept to aminimum. The

increasing dope of the dataindicates the effect of alow lcw6 weight. This supports the

results earlier that the LC' s propensity to move toward the red god should be weighted

low with regards to the other persondlity parameters. This scenario seemsto provide the

best results. This scenario can be interpreted by acknowledging that the LC needsto
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congder moving away from the enemy a higher decision priority than moving towards
the objective. Asin previous results, the subordinate ISAACA’s propensity to move
toward the red god is not as sgnificant an effect asthe LC' s propensity. The LC should
be tasked with this decision and the subordinates should concern themselves with other
elements of the battlefield. The commanders intent drives the misson [Ref 11].

The bond and friction results are quite interesting. The effect of bond
aone proved not to be as significant asinitialy assumed. Thisfinding isabit surprisng.
The bond significance increasesin the desert scenario. The bond seems to be more of an
influence when the low6 weight islow. An LC that maneuvered more and had a higher
bond with his unit generdly had reduced losses.

However, thefriction effect is sgnificant in both scenarios. The ability of
the subordinates to listen to the LC isreflected inthe data. A high friction leve (zero)
corresponds directly to increased losses. It isimportant to remember that the effect of
friction can not be interpreted in isolaion since the interaction term bond:friction isaso
ggnificant. Inthe Fgure 18, alow bond (0) and high friction (0) led to high numbers of
kills. If thefriction was high and the LC propensity to move toward the red god is high,
the losses could be reduced be increasing the bond in aunit. A unit with agood level of
unit cohesion, in a high tempo environment, can more efficiently accomplish the misson
and overcome the necessity to quickly move towards the objective.

The effect of the LC sensor range isaso interesting. In the cases where
thelcsr is9 or 12, the number of lossesis reduced. These are the caseswhenthe LC

sensor range is at the medium and high level. Also, these cases are when the LC sensor
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range is greater than that of the subordinate. Again, the effect of the interaction term
lew6:lcsr must be taken into account. With alow Icw6 and a higher |csr, the number of
lossesiskept to aminimum. An LC with a greater awareness of the friendly and enemy
Stuation and a propendty to maneuver away from the enemy can effectively reduce the
number of losses to his subordinates.

5. Fitting a Poisson Distribution

The data sets are explored to fit the number of blue ISAACASsKilled to a Poisson
digribution. The chi-sguare Goodness of Fit test (GOF) in S-Flusis utilized to perform
theandyss. Since at each leve of the parameters 100 runs were completed at different
random initid positions, severd of these groups of runs are examined in each data st.
Figure 19 isaplot of 100 runsfrom the LC Persondity Weights data set. Thisisvery

typica of the data from the Blue ISAACA Persondity Weights data as well.
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LC PERSONALITY WEIGHTS HISTOGRAM
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Figure19: Histogram of 100 runsat constant parameter valuesfrom the LC
Personality Weights data set.

For the 100 runs, a mean and standard deviation were determined. This
information is then used with the frequency of the blue losses. Then using these reaulits,
the null hypothesis, that the data is from a Poisson ditribution, is tested againgt the
dternative hypothess that the datais not from a Poisson digtribution. The results from
the data set above gave a p-vaue of .3819. Therefore, the null hypothesisis not rejected.
Very amilar results occurred throughout the LC Persondity Weights and the Blue

ISAACA Persondity Weights data sets. Knowing the mean and hence the variance from
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a Poisson digtribution, hel ps andlysts understand the range of possible outcomes that

could occur by chance given only the mean. This could be further explored to perhaps

reach an acceptable level of predictability in the ISAAC modd.

C. LESSONSLEARNED ON STATISTICAL DESIGNSEXPLORING ISAAC

Severd datidicd ingghts are gleaned by |ooking across the various experimenta
designs utilized in thisthesis. It is necessary to find a ba ance between the number of
factors and levels explored. Thisbaanceisto find afactorid desgn that would
effectively explore the response surface of ISAAC with a reasonable number of runs and
have a manageable data set for analyss.

Initialy, a5* full factoria design was utilized for the command area parameters.
Each factor combination was run 100 times for atotal of 62500 runs. It was quickly
determined that adata set of this Sze was not managesble by S-Plus. S-Flusisa
powerful statistical tool thet is designed to handle large data sets, but it could not perform
ANOVA caculationson 5 levels and 4 factors. This result lead to a 3* full factoria
design used for the command area parameters and a 3° design for the other parameter
sets. The 3° design was run 100 times for each factor combination or atotal of 24300
runs. The data sets generated from this design were manageable by S-Plus.

The 3° full factoria design was used o that nonlinear effects could be explored in
ISAAC. The 3 full factoria design did show afew areas where the nonlineer effects are
ggnificant when compared to the linear effects, as discussed earlier in this section.
However, in a 3-leve full factorid design, the number of factor combinations quickly

increases as the number of factorsincrease. Thisresult increases the Size of the data set.
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A 1/3fractiond factorid design was developed to explore the possibilities of increasing
the number of factors while keegping the data set managesble for andysis. Itisshown
that the ISAAC dataretains its information value when a3 fractiond factorid design is
utilized. Ina3>? fractiona factorial design, there are 81 factor combinations vice the
243 factor combinationsin a3 full factoria design. This result greatly reducesthe
number of runs. In future ISAAC designs, the use of fractiona designs will dlow more
factors to be smultaneoudy explored while producing managesble data sets.

The 2-levd factoria design was not explored in thisthess. However, the 2-leve
factoria design could be an important follow on study. In a2° full factoria design, there
are 32 factor combinations. Ina2>* fractiona factoria design, there are 16
combinations. Since the quadratic effects did not dominate in the ISAAC data, it is
possible the sgnificant results could still be determined from such adesign. The number
of necessary runswould be dramaticaly reduced. Thiswould alow more factorsto be
smultaneoudy explored. Also somewhat surprisingly, the mgor significant effects
appeared more linear than nonlinear. This result also provides a strong case for a2-leve
design where the number of necessary runs could be greetly reduced.

With a design of experiments developed, it was necessary to have ameans of
displaying the results. Trdlis plots generated by S-Plus provide a means of displaying
the resultsin acdear and ingghtful manor. The Trelis plot is a powerful tool for
presenting data of thistype. The effects of multiple variables and their interactions on a

response are presented in an interpretable fashion for the user.
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VI.CONCLUSIONS

“ The fundamental point is that any military action, by its very nature a complex system,
will exhibit messy, unpredictable, and often chaotic behavior that defies orderly, efficient,
and precise control.”

Command and Control, MCDP 6

Military organizations and military evolutions are complex sysems [Ref 11]. A
sguad-sized combat patrol, changing formation as it moves across the terrain and reacting
to the enemy Stuation, isacomplex system [Ref 11]. ISAAC attempts to capture some
of thisbehavior. Theintent was to explore ISAAC and to gain some degree of intuitive
understanding of the four basic questions stated in the Purpose and Rationa e section.

A. CENTRALIZED AND DECENTRALIZED COMMAND AND CONTROL

The intent here isto explore the parameters in the LC command area to determine
whether a centraized or decentralized command and control structure is more effectivein
an urban environment. This question can not be fully explored using the current logic
gructure in ISAAC' s command area. The four LC persondlity parameters had no
sgnificant change in the response data. It is difficult to discern any difference in the
response data whether the subordinates are strongly guided or left to aneutral LC
movement propendgty. Also, the size of the command area had little effect on the time to

misson completion (MOE 1) or blue ISAACAskilled (MOE 2). The results are Smilar
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in the urban scenario and in the desert scenario. However, afew other parameters that do
not directly corrdate to the LC' s guidance of his subordinates had a significant impact.

The bond and friction parameters are discussed in the next section. TheLC
sensor range had a sgnificant influence in the number of blue losses. It is seen that by
increasing the LC awareness or information on the battlefield two things occurred. First,
it reduced the number of losses. Second, it increased the time to mission completion.
However, the initid resultsindicated that there potentidly is some optimd tradeoff in the
LC sensor range leve between time to misson completion and minimizing losses. This
is definitely an area for follow on research.

B. LEADERSHIP PERSONALITIESAND POSSIBLE OUTCOMES

The question of the effect of LC persondities and subordinate personaities on the
number of lossesis explored in depth. For the LC persondity weights and the blue
ISAACA persondity weights, afew parameters had globa significance, and afew others
were scenario dependent. These global and scenario dependent parameters provided
interesting indghtsinto potentid combat Stuations.

The LC's propensties to move toward dive blues, awvay from dive reds, and
toward the red god are Sgnificant in both scenarios. Losses are reduced for an LC with
the following characteridtics. (1) astrong propendty to move toward friendlies and move
away from the enemy, and (2) assigns the mission objective areative degree of
importance without letting the objective dominate his actions. This type of movement
propengty directly relates to the concept of maneuver warfare. These parameters are

amilar in repect to trends in blue ISAACA losses in both scenarios.
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The influence of the injured red ISAACAS is more scenario dependent. Inthe
urban environment, the injured red ISAACAs influenced the number of losses of the blue
forces. Theinjured red ISAACA’s reduced movement and sensor range does not impact
the blue losses in the urban scenario. It isgill important for the LC to have a movement
propengty to avoid them. In the desert scenario, the influence of the injured red
ISAACAsisfar less. The blue ISAACAS could maneuver to avoid engagements and the
limited ability of the injured red ISAACAS in the open battlefied did not dlow them to
keep up with the blue ISAACAs. Thistype of information could influence the decison
process of the LC. Knowing that the area you are entering is open terrain with no
obstacles could influence the LC to give less importance to the injured than he or she
would in the urban environment. 1t might prompt the LC to weigh more of his decison
into maneuvering away from the enemy.

The subordinate blue ISAACA persondity results dso had some interesting
ingghts. The propensity to move away from red ISAACAS, and the propensity to move
toward the other dive blues, are amilarly sgnificant in both scenarios. The propensity to
avoid the enemy seems globaly important. This concept is an underlying theme in many
military actions. Therefore, it provides a sanity check in the ISAAC logic structure. The
propengty to move toward the red god, dthough important, had less of an influence on
the subordinate ISAACAsthen onthe LC. Thisisan interesting result. Thisresult
impliesthat, to a certain degree, the LC should concern himsdlf or hersdlf with the
decisions concerning the misson objective. Although, the subordinates should be avare

of and understand the mission, their concern lies primarily in other aspects of the mission.
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The propendgity to move toward other dive friendlies seems to be more scenario
dependent for the subordinates. In the urban scenario, the propendty to move toward
other dive blue ISAACAsis more effective if set to zero. At zero, there was no
movement propensty toward or away from other friendly ISAACAS. In the desert
scenario, it is best to have a strong propensty to move toward other blues. The urban
environment causes a concentration of forces due to the terrain. This concentration of
forces coupled with a tendency to attract to other friendly forces may not be the best
goproach in an urban scenario. Thisresult isreflected in the increased blue kills a the
higher levels of diveB. An open battlefield, though, may require a more concentrated
fire gpproach. Therefore, a propendty to attract to other dive friendlies may be more
gpplicable.

The hypothesis generation and the search for answers are exactly the purpose of
ISAAC. ISAAC isreadily adaptable to dlow the user to explore these many options.
C. AFFECT OF FRICTION

Friction, that intangible dement that is dways present in stressful environments,
influences the bettlefield in both scenarios. Higher friction levels directly corrdate to
more blue losses. However, the interesting ingght in ISAAC is that the interaction terms
hel ped reduce the effect of friction. Particularly, in the desert scenario, the interaction of
bond and friction was prominent. When the friction level was high, amoderate to high
level of bond seemed to reduce the effects on losses. A low bond levedl and ahigh
friction level reflected increased losses in the bettlefield. This suggests that a high bond

level can compensate some for high friction. In both scenarios, an LC commander, first
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and foremogt, needed a propendty to move away from the enemy. Thiswillingnessto
maneuver, with a proportiona propensty to move toward the red god, minimized blue
losses. |n an open battlefield, a strong bond with the unit reduced losses. All of these

guestions can be further explored and potentidly answered using ISAAC.
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VIl. RECOMMENDATIONS

Thefollowing isalist of recommendations for ISAAC and future research.
The logic structure in the LC command area should be reviewed. No
statigticaly sgnificant results were determined when varying the parameters
incorporated in the LC decision process. The command area logic structure
has the potentia to alow for ingghtful studies on centraized and
decentralized command and control and should be incorporated in future
Sudies.
The factorid and fractiond factorid design of experiments dlowsfor a
structured gpproach in the exploration of ISAAC. 1t would benefit the Marine
Corps to incorporate these designs at MHPCC. The main effects and first
term interactions predominantly influenced the outcomes of the battle. Also,
the linear effects were more sgnificant then the quadratic effects. Thus, the
fractiond design could be utilized at MHPCC. The number of parameters
varied could be increased from five to ten and the number of factor
combinations could be kept manageable. In afull factoria design, a3'° has
59049 factor combinations. In a1/3 fractiond factoria design, a3'% design
has 19683 factor combinations. Thiswould alow amore effective
exploration of the multi-dimensiona response surface.
The notion of time in misson completion is criticd in dmost every combat

dtuation. The present atistical package incorporated a8 MHPCC needs to be
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improved to capture the ingghts of multiple units maneuvering on the
baitlefield. At present the ability to effectively evduate time to misson
completion as ameasure of effectivenessisinadequate. MHPCC should
develop asystem that dlows the user to select from multiple stopping
conditions.

At present, the LC’ s subordinates start positions are randomly assigned with
respect to the LC' s Sart pogition. This aspect, taken into account with the
random initia disperson, can lead to initid blue losses while the squads
organize. | believe it would be better to pre-assign the subordinates and
randomly place the squad e ement &t the Sart of the scenario. Thiswould
eliminate unnecessary variance in the results.

The present ISAAC version does not alow for reinforcements to be entered
into the combat scenario. In alimited sense, ISAAC does dlow for the
recongtitution of some forces. However, thisis not fundamentaly equivaent
to goplying aggnificant force at acriticd time in the battle. The use of
reinforcements is fundamental to Marine Corps combat tactics. This dement
should be incorporated in ISAAC to dlow for further analysisin this regard.
The persondity weights of the LC and the subordinate ISAACAs are
normaized after assgned. The normdizing of these weights complicates the
andyss when examining the effects changing asingleweight. For andyss
purposes, | believe a better technique should be explored for relating the

welights.
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Trellis plots provide ameans of presenting the effects of many variables. It
provides an ingghtful way to display to effects and complex interactions of
multiple variables in aless technicad format. The Marine Corps should

incorporate the use of Trelis plotsin the further development of ISAAC.
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kkhkkkkhkkkkhhkkkkk*x

APPENDIX A. DATA INPUT FILE. SOMLC.MHP

kkhkkkkhkkkkhhkkkhkkkk*k

* GENERAL BATTLE PARAMETERS

khkkkhkkkhkhkkhkkk*x

EE S I R

battl e_size 100

*

* initial distribution

*

init_dist 1

R _box_(I,w) 99, 99 0, O 0, O 0, O 0,
0, O 0, O 0, O 0, O

RED cen_(Xx,Y) 50, 50 0, O 0, O 0, O 0, O
0, O 0, O 0, O 0, O

B box_(I,w) 15, 15 15, 15 15, 15 0, O 0, O
0, O 0, O 0, O 0, O

BLUE cen_(Xx,Y) 15, 15 15, 15 15, 15 o0 0 O, O
o, 0 O, O o, 0 O, O

B flag (x,y) 1,1

R flag (x,y) 99, 99

term nation? 2

nove_order? 2

conbat _fl ag? 2

terrain_flag? 1

LOS fl ag? 0

*

* fratricide paraneters
*

red frat _flag? 0
blue_frat_fl ag? 0

red _frat_rad 1
blue_frat_rad 1

red_frat_prob 0. 000000
bl ue_frat_prob 0. 000000
*

* reconstitution

*

reconst _fl ag? 0

RED recon_tine 1000
BLUE recon_tine 1000

khkkkhhkdxhhkhdrdhkdrhhkrrdhkrhkhhxdhdkxkdx

* STATI STI CS PARAVETERS

EIE R I R I R S I A R I I I R S I
stat _fl ag?

goal _stat_fl ag?
center_nmass_flag?
i nterpoint_flag?
entropy_flag?
cluster_1 flag?
cluster_2 flag?
nei ghbors_f1 ag?

LR R R I R R I R R

* RED GLOBAL COMVAND PARAMETERS

[eNeoNoloNoNoeNeNe)
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khkkkhhkdxhhkhdrdhkdrhhkrrdhkrhkhhxdhdkxkdx

RED gl obal _fl ag 0

khkkkhkhkkhkhkhkhkdkrxhkdkrrkdrrhkdhkdkdhhxkdxx

* BLUE GLOBAL COVMMAND PARAMETERS

EE R I R S R R R R S R

BLUE gl obal fl ag 0

EE R S R I I I R R

* RED LOCAL COMMAND PARAMETERS

IR S S S I R I R

RED command_flag O

LR R R R R I R R

* BLUE LOCAL COMVAND PARAMETERS
EE R R I R I I I R O S S
BLUE command flag 1

num BLUE condrs 3

B patch_type 1

B patch_fl ag 2

*

* | ocal conmander paraneters
*

(1) _R undr_cnd 12

(1) Rcmd_rad 1

(1) R SENSOR rng 12

*

| ocal conmmand constraints

* | ocal command personality
*

(1) _wl:alive_B -1. 000000
(1) _w2:alive_ R -10. 000000
(1) _ w3:injrd_B -1. 000000
(1) w4:injrd_R -10. 000000
(1) _wh: B _goal 0. 000000
(1) _w6: R goal 15. 000000
*

*

*

(1) _R _ADV_range 4
(1) _ADVANCE num O
(1) _CLUSTER num 12
(1) _COVBAT_num -5
*

* | ocal command paraneters
*

(1) _R w_al pha -1. 000000
(1) _R w_beta -1. 000000
(1) _Rwdelta -1. 000000
(1) _R w _ganmm -1. 000000
*

gl obal command wei ghts

(1) _w _obey_ GC def 0.
(1) _w_hel p_LC def 0.
*
*

| ocal commander paraneters
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(2) _R undr_cnd 12
(2) _R cnmd_r ad 1
(2) _R SENSOR rng 12

* | ocal command personality

(2)_wl:alive_B -1. 000000
(2)_w2:alive_R -10. 000000
(2)_w3:injrd_B -1. 000000
(2) w4:injrd_R -10. 000000
(2) _wh5: B _goal 0. 000000

(2) _w6: R _goal 15. 000000

* ]l ocal conmand constraints

*

(2) _R_ADV_range 4
(2) _ADVANCE_num 0
(2) _CLUSTER_num 12
(2) _COVBAT_num -5
*

* | ocal command paraneters

*

(2) _R w_al pha -1. 000000
(2) _R w_beta -1. 000000
(2) _R w. delta -1. 000000
(2) _R w_gamma -1. 000000
*

* gl obal command wei ghts

*

(2) _w_obey_GC def 0.
(2)_mLheIp_LCLdef 0.

* | ocal command paraneters

*

(3) _R undr_cnd 12

(3)_ Rcmﬂrad 1

(3) _R_SENSOR rng 12

*

* | ocal command personality

*

(3) _wl:alive_ B -1. 000000
(3)_w2:alive_R -10. 000000
(3)_w3:injrd_B -1. 000000
(3)_w4:injrd_R -10. 000000
(3) _w5: B _goal 0. 000000
(3) _w6: R _goal 15. 000000
*

* | ocal command constraints

*

(3) _R_ADV_range 4

(3) _ADVANCE_num 0

(3) _CLUSTER num 12

(3) _COVBAT_num -5

*
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* | ocal command paraneters

*

(3) _R w_al pha -1. 000000
(3) _R w beta -1. 000000
(3) _Rwdelta -1. 000000

-1. 000000

(3) _R w_gamm

* gl obal command wei ghts
*

(3) _w_obey_GC def 0.

(3) _w_hel p_LC def 0.

SRR I R R R

* RED | SAACA PARAMETERS

SRR I R R R R R R

num r eds 200
squads 1

num per _squad 200 0
M_RANGE 1 0
personality 1

*

* ALI VE personality weights

*

wl _a:R alive_ R 10. 000
0. 000 0. 000 1. 000
w2_a:R alive_B 40. 000
0. 000 0. 000 0. 000
w3_a:R injrd_R 10. 000
0. 000 0. 000 0. 000
w4 a:R.injrd B 40. 000
0. 000 0. 000 0. 000
ws_a: R_R goal 0. 000
0. 000 0. 000 0. 000
w6_a: R_B goal 0. 000

0. 000 0. 000 0. 000

*

* | NJURED personality weights

*

wl_i:R alive_R 10. 000
0. 000 0. 000 0. 000
Ww2_i:R alive_ B 40. 000
0. 000 0. 000 0. 000
w3_i:R injrd_R 10. 000
0. 000 0. 000 0. 000
w4_i:R_injrd_B 40. 000
0. 000 0. 000 0. 000
w5_i:R_R goal 0. 000
0. 000 0. 000 0. 000
w6_i: R B goal 0. 000
0. 000 0. 000 0. 000

*

* | SAACA- LC wei ght's

*

w7: R_| oc_condr 0. 000000
w8: R_| oc_goal 0. 000000

0.

0.

0.

0.

0.

0. 000
000
0. 000

. 000

0. 000

. 000

0. 000
000
0. 000
000
0. 000
000

0. 000
000
0. 000

. 000

0. 000

. 000

0. 000

. 000

0. 000

. 000

0. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000



*

* defense paraneters

*

defense_fl ag 0
alive_strength 1 0
injrd_strength 1 0
*

* sensor/fire ranges

*

S_RANGE 6 0
F_RANGE 4 0
*

* communi cati ons

*

COwW f | ag 0

COWM _r ange 0

COW wei ght 0. 000000
*

* movenent constraints

*

novenent _fl ag 1
C_RANGE 1 0
A: ADVANCE_num 0 0
A: CLUSTER_num 5 0
A: COVBAT_num -10 0
| : ADVANCE_num 0 0
| : CLUSTER_num 5 0
| : COMBAT_num -10 0
C RANGE_ (M M 0,0
A:ADV_(m M 0,0
A:CLUS (m M 0,0
A:COMB_(m M 0,0
l:ADV_(m M 0,0
l:CLUS_ (m M 0,0
l:COMB_(m M 0,0

A:R R min_dist 0. 000
0. 000 0. 000 0. 000 0.
A:R_B mn_di st 0. 000

0. 000 0. 000 0. 000 0.
A:R R goal _nin 0. 000
0. 000 0. 000 0. 000 0.
I:R_R mn_dist 0. 000
0. 000 0. 000 0. 000 0.
I:R B min_dist 0. 000
0. 000 0. 000 0. 000 0.
l:R R goal _mn 0. 000
0. 000 0. 000 0. 000 0.
*

* conbat / engagenment

*

shot _prob 0. 050
0. 000 0. 000 0. 000 0.
R_max_eng_num 2 0

LR I I R O

o

[oNeoNololNeloNe]

0. 000
000
0. 000
000
0. 000
000
0. 000
000
0. 000
000
0. 000
000

0. 000
000
0

* k kK

o

[eNeoNololNeloNe]

. 000
. 000
. 000
. 000
. 000

. 000

. 000
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o

[oNeoNolNolNeloNe]

. 000

. 000

. 000

. 000

. 000

. 000

. 000

o

[oNeoNolNolNeloNe]

o

[oNeoNolNolNeloNe]

. 000

. 000

. 000

. 000

. 000

. 000

. 000

o

[oNeoNololNeloNe]

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

o

[oNeoNolNolNeloNe]



* BLUE | SAACA PARAMETERS

EE R R R R I R R

num bl ues
squads

num per _squad
M_RANGE
personality

*

* ALI VE personality weights
*

wl_a:B alive_B

0. 000 0. 000
w2_a: B alive_R
0. 000 0. 000
w3_a:B injrd_B
0. 000 0. 000

wd_a:B injrd_R
0. 000 0. 000
w5_a: B_B_goa
0. 000 0. 000
w6_a: B_R goa
0. 000 0. 000
*

39
3
13 13
1 1
1

-5.000
0. 000
-10. 000
0. 000
-5.000
0. 000
-10. 000
0. 000

0. 000
0. 000

35. 000
0. 000

-5.000
0. 000

-10. 000
0. 000

-5.000
0. 000

-10. 000
0. 000

0. 000
0. 000

35. 000
0. 000 0.

* | NJURED personality weights

*

wl_i:B alive_B
0. 000 0. 000
w2_i:B alive_R
0. 000 0. 000
w3_i:B injrd_B
0. 000 0. 000
w4 i:B.injrd_R
0. 000 0. 000
w5_i:B_B _goa
0. 000 0. 000
w6_i:B_R goa
0. 000 0. 000
*

-5.000
0. 000
-10. 000
0. 000
-5.000
0. 000
-10. 000
0. 000

0. 000
0. 000
35. 000
0. 000

* | SAACA- LC wei ghts
*

w7: B _| oc_condr
w8: B_| oc_goa
*

0. 500000
0. 300000

* defense paraneters

*

defense_fl ag
alive_strength
injrd_strength
*

0
1 0
1 0

* sensor/fire ranges

*

S_RANGE
F_RANGE

*

8 8
8 8

-5.000
0. 000
-10. 000
0. 000
-5.000
0. 000
-10. 000
0. 000

0. 000
0. 000

35. 000
0. 000
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-5.000

-10. 000

-5.000

-10. 000

0. 000

35. 000
000

-5.000

-10. 000

-5.000

-10. 000

0. 000

35. 000

o

o

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

o

o

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

. 000

. 000

. 000

. 000

. 000

. 000

o

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000

. 000



* communi cati ons
*

COW f | ag
COW r ange
COW wei ght

*

oNeoNe

. 000000

* nmovenent constraints

*

novenent _fl ag 1
C_RANGE 3 3
A: ADVANCE_num 0 0
A: CLUSTER num 12 1
A: COMBAT_num -5 -5
| : ADVANCE_num 0 0
| : CLUSTER _num 12 1
| : COVBAT_num -5 -5
C RANGE_ (M M 0,0
A:ADV_(m M 0,0
A:CLUS (m M 0,0
A:COMB (m M 0,0
[:ADV_(m M 0,0

I:CLUS (m M 0,0
l:COMB_(m M 0,0

A:B B min_dist 3. 000
0. 000 0. 000 0. 000 0.
A:B R min_dist 0. 000
0. 000 0. 000 0. 000 0.
A:R R goal _mn 0. 000
0. 000 0. 000 0. 000 0.
| :B_B mn_dist 3. 000
0. 000 0. 000 0. 000 0.
l:B R mn_dist 0. 000
0. 000 0. 000 0. 000 0.
I:R R goal _mn 0. 000
0. 000 0. 000 0. 000 0.
*

* conbat / engagenent

*

shot _prob 0. 050
0. 000 0. 000 0. 000 0.
B_max_eng_num 6 6

EIEE R S R I I I R R I

* TERRAI N PARAMETERS

LR R I I R O

terrai n_num 17
(1) _size 4
(1) _cen_(x,y) 10,10
(2) _size 3
(2) _cen_(x,y) 10,30
(3) _size 1
(3)_cen_(x,y) 11,50
(4)_size 4
(4) _cen_(x,y) 9,75
(5) _si ze 5

3
0

2 12
-5
0

2 12
-5

3. 000
000
0. 000
000
0. 000
000
3. 000
000
0. 000
000
0. 000
000

0. 050
000
6

* Kk k%

* k kK

[cNeoNolNoNeoNoeNe]

. 000
. 000
. 000
. 000
. 000

. 000

. 050
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[cNeoNolNoNeoNoeNe]

. 000

. 000

. 000

. 000

. 000

. 000

. 000

[cNeoNolNoNeoNoeNe]

[cNeoNoloNeNoeNe]

. 000

. 000

. 000

. 000

. 000

. 000

. 000

[oNeoNoloNeNoeNe]

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

0. 000

[oNeoNoloNeNoeNe]



(5) _cen_(x,
(6)_size
(6)_cen_(x,
(7)_size
(7)_cen_(x,
(8)_size
(8) _cen_(x,
(9) _si ze
(9) _cen_(x,
(10) _si ze
(10) _cen_(x
(11)_size
(11) _cen_(x
(12) _size

(12) _cen_(x,

(13) _size

(13) _cen_(x,

(14) _size

(14) _cen_(x,

(15) _size

(15) _cen_(x,

(16) _size

(16) cen_(x,

(17) _size

(17) _cen_(x,

y)
y)
y)
y)
y)
. Y)
VY)
y)
y)
y)
y)
y)

y)

35,
36,
35,
35,

60,

60,
60,
60,
60,
85,
86,

85,

85

85
65
45
25
10
35
55
75
90
92
70
35

, 9
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APPENDIX B. SPLUSCODE: POWER CURVES
S-PLUS CODE:

Function(apha, sgma, trtments, pow)

{
x= matrix(nrow = 16, ncol = 2)
jm 2
m- 2
powerl- O
tau— 0.5
for(l in 1:16){
while(powerl<pow){
lambda~ m/sgma* (ta\2*trtmts)
powerl- 1-pf(gf(1-aphatrtmts-1,(m* trtmts)
-trtmts), trtmts- 1,(m* trtmts)-trtmts |lambda)
m- m+1
}
X[i] = tau
X[i,j] = m
m- 2
taun tau+0.1
powerl- O
}
X
}

The function input parameters are:
apha— dgnificance level desired by the user.
sgma— variance of data, which is often unknown,
gpproximated wih mean square error.
pow — power user wishes to terminate a once number of samplesis
achieved.

trtmts — number of trestments.

146



Variablesin the code:

tau — user specified detectable departure from the mean.
m— number of samples required to attain the user specified power.
| - noncentrdity parameter used in the caculation of the power.

X —matrix established to record the results.
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APPENDIX C. TRELLISPLOTSOF ISAAC DATA SETS
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